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Abstract 
This dissertation investigates high performance cooperative localization in wireless 
environments based on multi-node time-of-arrival (TOA) and direction-of-arrival (DOA) 
estimations in line-of-sight (LOS) and non-LOS (NLOS) scenarios. Here, two categories 
of nodes are assumed: base nodes (BNs) and target nodes (TNs). BNs are equipped with 
antenna arrays and capable of estimating TOA (range) and DOA (angle). TNs are 
equipped with Omni-directional antennas and communicate with BNs to allow BNs to 
localize TNs; thus, the proposed localization is maintained by BNs and TNs cooperation.  
First, a LOS localization method is proposed, which is based on semi-distributed multi-
node TOA-DOA fusion. The proposed technique is applicable to mobile ad-hoc networks 
(MANETs). We assume LOS is available between BNs and TNs. One BN is selected as 
the reference BN, and other nodes are localized in the coordinates of the reference BN. 
Each BN can localize TNs located in its coverage area independently. In addition, a TN 
might be localized by multiple BNs. High performance localization is attainable via 
multi-node TOA-DOA fusion. The complexity of the semi-distributed multi-node TOA-
DOA fusion is low because the total computational load is distributed across all BNs.  
To evaluate the localization accuracy of the proposed method, we compare the proposed 
method with global positioning system (GPS) aided TOA (DOA) fusion, which are 
applicable to MANETs. The comparison criterion is the localization circular error 
probability (CEP). The results confirm that the proposed method is suitable for moderate 
scale MANETs, while GPS-aided TOA fusion is suitable for large scale MANETs. 
xviii 
Usually, TOA and DOA of TNs are periodically estimated by BNs. Thus, Kalman filter 
(KF) is integrated with multi-node TOA-DOA fusion to further improve its performance. 
The integration of KF and multi-node TOA-DOA fusion is compared with extended-KF 
(EKF) when it is applied to multiple TOA-DOA estimations made by multiple BNs. The 
comparison depicts that it is stable (no divergence takes place) and its accuracy is slightly 
lower than that of the EKF, if the EKF converges. However, the EKF may diverge while 
the integration of KF and multi-node TOA-DOA fusion does not; thus, the reliability of 
the proposed method is higher. In addition, the computational complexity of the 
integration of KF and multi-node TOA-DOA fusion is much lower than that of EKF. 
In wireless environments, LOS might be obstructed. This degrades the localization 
reliability. Antenna arrays installed at each BN is incorporated to allow each BN to 
identify NLOS scenarios independently. Here, a single BN measures the phase difference 
across two antenna elements using a synchronized bi-receiver system, and maps it into 
wireless channel’s K-factor. The larger K is, the more likely the channel would be a LOS 
one. Next, the K-factor is incorporated to identify NLOS scenarios. The performance of 
this system is characterized in terms of probability of LOS and NLOS identification. The 
latency of the method is small.  
Finally, a multi-node NLOS identification and localization method is proposed to 
improve localization reliability. In this case, multiple BNs engage in the process of 
NLOS identification, shared reflectors determination and localization, and NLOS TN 
localization. In NLOS scenarios, when there are three or more shared reflectors, those 
reflectors are localized via DOA fusion, and then a TN is localized via TOA fusion based 
on the localization of shared reflectors.   
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Chapter 1 
Introduction 
Localization systems have emerging civilian and military applications. Examples include 
but not limited to battlefield command and control [1], fire fighters tracking [2], 
emergency 911 (E911) [3], collision avoidance in multi-robot system [4] and road traffic 
control [5], resource allocation [6], routing [7, 8] in sensor networks, etc.  
This dissertation investigates high performance cooperative (active) localization based on 
time-of-arrival (TOA) and direction-of-arrival (DOA) fusion. Here, we consider base 
nodes (BNs) that are equipped with antenna arrays are capable of localizing cooperating 
active target nodes (TNs) in their coverage area independently via TOA-DOA estimation.  
In some applications, such as traffic alert, road safety, and command and control, single 
BN localization is critical.  While in many scenarios, multiple BNs are available, e.g., 
collaboration and coordination, and they can collaborate to achieve better performance.  
In the proposed system, each BN can localize cooperating nodes (BNs or TNs) via TOA 
and DOA estimation, TOA and DOA measurement accuracy is altered by multi-path 
effects in wireless environments. In addition, TOA estimation resolution is limited by the 
available bandwidth. Thus, assuming the availability of line-of-sight (LOS), each BN 
would be able to localize other nodes; however, the localization accuracy would not be 
very high. Accordingly, multi-node TOA-DOA fusion is proposed to improve the 
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localization accuracy. In addition, assuming the availability of multiple observations of 
TOA and DOA, filtering techniques, such as Kalman filter, are employed to improve the 
localization performance.  
In wireless environments, LOS might be obstructed. In these scenarios, the measured 
TOA and DOA would be neither accurate nor reliable. Therefore, the proposed TOA-
DOA localization technique may not perform, or may perform poorly. Accordingly, we 
study techniques that can be applied to antenna array of each BN to allow the BN to 
identify non-LOS (NLOS) scenarios independently and allow reliable localization. This 
is specifically important when only one BN is available to localize a certain TN. 
When multiple BNs are available to localize a TN, they may collaborate to not only 
identify the lack of availability of LOS but also localize the NLOS TN by localizing the 
positions of reflectors. In other words, we propose to exploit the scattering environment 
and the availability of reflectors to maintain NLOS localization.  
1.1 Overview 
Many localization methods have been proposed in the literature. Parameters that are 
measured in different localization systems include TOA, DOA and received signal strength 
(RSS). In addition, localization techniques are in general very sensitive to the availability 
of LOS. Specifically, in wireless environments such as urban and indoor areas, the LOS 
path between the transmitter and receiver could be easily obstructed. Thus, it is critical that 
localization techniques are capable of identifying the availability of LOS, mitigating NLOS 
3 
 
measurements, and localizing in NLOS environments.    
1.1.1 Parameter Measurement 
Here, we briefly introduce measurement techniques of TOA, DOA and RSS that are 
critical to all localization techniques.  
1.1.1.1 TOA Measurement 
TOA measurement techniques are mainly divided into two categories: round-trip and 
single-trip methods. Radar and wireless local positioning system (WLPS) [9] apply the 
round-trip method. Radar transmits a burst of radio energy and receives the reflections 
from all objects (e.g., target nodes, TNs) and processes them to detect the desired targets 
and computes the TOA of the round trip via pulse detection. This is a passive ranging 
process, because the TN does not cooperate in the ranging process (see Figure 1.1). 
In WLPS, two nodes are assumed: (1) a BN which is capable of localizing nodes in its 
coverage area via TOA and DOA measurements, and (2) a TN which cooperates with BN 
to allow BN to find its position independently. In WLPS, a BN is equipped with antenna 
arrays to allow DOA estimation. BN transmits a direct-sequence spread spectrum (DSSS) 
inquiry signal to the TN. When the TN receives the inquiry signal, it transmits a DSSS 
response with a fixed and known delay back to the BN. The summation of the round-trip 
TOA and the known delay in the TN is calculated at the BN to find the range of TN with 
respect to BN. Here, the TN cooperates in the process of TOA and DOA estimation; thus, 
WLPS is an active/cooperative localization system (see Figure 1.2). 
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Figure 1.1: Radar system 
 
Figure 1.2: WLPS system. 
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GPS uses single-trip method to estimate the TOA of signals sent by satellites (BNs) to 
GPS receivers (TNs) for localization [10]. All GPS satellites are synchronized with the 
clock in the master control station (MCS) located at Schriever Air Force Base in 
Colorado. Each satellite broadcasts ranging codes and navigation data including its 
position and the time that the ranging code is transmitted. When a GPS receiver receives 
the signal from a satellite, single trip estimation method is applied to find the TOA of the 
ranging code, and compares it to a local clock to find the time delay from GPS satellite to 
GPS receiver. Then, the time delay is used for ranging. At least four LOS satellites are 
needed to maintain the localization scheme (see Figure 1.3). 
 
Figure 1.3: GPS system, satellites 1-4 are in one orbit, 5 and 6 are in the other two orbits. 
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A hybrid single trip TOA measurement technique is presented in [11]. Here, radio 
frequency (RF) and ultrasonic signals are used to measure the TOA of ultrasonic signal 
traveling between BN and TN. The received RF signal enables the TOA counter and the 
received ultrasonic signal ends the counter. In air, the ultrasonic speed (about 340 m/s) is 
much lower than that of RF signal’s speed (about 3×108 m/s). The speed difference is 
applied to measure single trip TOA.  
In general, the accuracy of range measurement (through TOA) based on RF signal is 
limited by the signal bandwidth [12], measurement technique, signal-to-noise ratio 
(SNR), and the number of reflections. Considering a single measurement (thus, no 
filtering is applied), and an estimation based on cross correlation that is used in GPS, or 
pulse detection that is applied to RADAR, and ignoring the impact of SNR, the TOA 
resolution (    ), and range resolution (    ) correspond to  
     
 
    
      
 
    
                                            (1.1) 
Where,      is the effective bandwidth of the RF signal and c is the wave propagation 
speed. Because c ≈ 3×108 m/s, if high ranging accuracy is requested (e.g., 5 meters), then 
higher bandwidth should be used (the required bandwidth corresponding to 5 meters is 60 
MHz). A low bandwidth signal always generates low ranging accuracy.  
In hybrid RF – ultrasonic technique, the ranging accuracy is not sensitive to the RF signal 
bandwidth. Here, the ranging error ( R ) is calculated by 
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                                                            (1.2) 
In Equation (1.2), V is the ultrasonic speed in air (V ≈ 340 m/s). TOA includes two parts, 
one is generated by RF signal and the other is generated by ultrasonic signal. If the RF 
signal bandwidth is 1MHz, the TOA measurement error generated by RF signal is about 
1μs. The corresponding ranging error is 340m/s × 10-6 s = 0.34mm. This error is small for 
ad-hoc network applications application and can be ignored.  
1.1.1.2 DOA Measurement 
Signal’s DOA can be measured using directional antenna, antenna array or electronically 
steerable passive array radiator (ESPAR) antenna [13]. Because directional antenna is 
large and needs servomechanism, usually it is not used in ad-hoc networks. In ad-hoc 
networks, antenna array or ESPAR antenna is usually used to measure DOA, because 
their size is small, and they are cost effective. In a linear antenna array, delay-and-sum 
(DAS) [14], multiple signal classification (MUSIC) [15] and root-MUSIC [16] are 
usually applied to measure DOA.  
In DAS, the single received by each antenna element is assigned a complex weight to 
change its phase. The weight is determined by the assumed DOA of the signal, antenna 
array parameters (element distance, number of elements) and the signal carrier 
wavelength. Then the delayed signals are summed, and its output power is calculated. 
When the assumed DOA matches the true one, the output power of the weighted sum 
reaches its maximum value. Hence, when the maximum output power of the weighted 
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sum is observed, the corresponding assumed DOA is taken as the received signal DOA.  
In MUSIC, the received signal of an antenna array is modeled by 
                                                            (1.3) 
In (1.3), X is the received signal vector, A is the array of the antenna array response 
determined by the DOA (θ) of the signal, antenna array parameters and the signal carrier 
wavelength, and W is the received noise vector. The eigenvectors of the covariance 
matrix of X is calculated and the eigenvectors corresponding to the smallest eigenvalues 
are selected and used to construct a matrix E. Essentially, E represents the noise 
components. MUSIC exploits the orthogonality of noise and signal components: noise 
components are represented by E, and the signal components received from the angle θ 
are represented by A(θ). Thus, MUSIC estimates the DOA of received signal by finding 
the peaks of the MUSIC spectrum 
       
 
               
                                                (1.4) 
While the root MUSIC directly finds the root of the polynomial 
        
   
       
                                                 (1.5) 
Where, M is the total number of antenna elements,             ,     is the element 
on the m
th
 row and n
th
 column of matrix B,       , E is defined in (1.4),    is the 
transpose of  , and                    . When the roots of the polynomial are 
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calculated, the corresponding DOA can be calculated for                    . For 
details, see [16]. 
ESPAR antennas consist of a single active element surrounded by multiple parasitic 
elements loaded with variable reactance. By controlling the reactance of these parasitic 
elements, the ESPAR antenna beam-forming is implemented, and DOA is measured via 
electronic beam scanning [17].  
DOA estimation accuracy is a function of the technique used, antenna array parameters, 
SNR, the channel structure (i.e., the availability of multiple paths), and the calibration of 
antenna array. It should be noted that in general, the receiver components connected to 
the antenna array do not operate fully equivalent. Thus, the phase and amplitude of 
signals received through each antenna element may vary from one to another. This effect 
can highly reduce the DOA estimation performance; hence, antenna array including 
receiver components should be calibrated prior to the DOA estimation [18].   
1.1.1.3 Received Signal Strength Measurement 
Assuming the availability of LOS, the received signal power (  ) in a receiver at the 
measurement point can be calculated by  
   
           
        
.                                                     (1.6) 
Where,    is the power transmitted by the transmitter,     is the transmit antenna gain, 
    is the receiver antenna gain,     is the gain from receiving antenna output to the 
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measurement point in the receiver, d is the distance between transmitter and receiver,   is 
the carrier wavelength, and   (usually larger than 2) is the fading parameter determined 
by the channel. 
When LOS is not available, the received signal power is not constant and may spatially 
and temporally vary. In this case, a shadowing effect random variable is added to the 
received signal power in Decibels. Usually, lognormal is considered as the probability 
density function (PDF) of this random variable. The model in (1.6) converted in Decibels 
often is called log-distance model. In addition to log-distance, other models have been 
introduced for the received signal strength that include Clutter path loss model [19], 
Ikegami path loss model [20].  
Based on Equation (1.6), RSS is determined by the transmitting power, transmitting and 
receiving antennas’ gain, the receiver structure, the distance between transmitter and 
receiver, the carrier wavelength and the channel fading parameter. A real Omni antenna 
beam pattern is not ideally Omni directional. Thus, the power in one direction might be 
higher than the other direction. In addition, the channels between multiple BNs and TN 
are not the same; hence, when the RSS is mapped into the distance [21], error may occur. 
RSS can be measured in the intermediate frequency (IF) stage before the IF amplifier or 
in the baseband signal chain before the baseband amplifier in zero-IF systems. In a 
complex sampling system, when I and Q samples (     and     ) of the received 
signal are calculated, the power of the received signal can be obtained using 
11 
 
        
      
                                                       (1.7) 
Where, E(∙) is the expectation operator and Rin is the input load. Fading effects occur 
because of channel variations. Thus, the received signal amplitude is not constant. To 
achieve a better power measurement, in practice (assuming the signal is a mean ergodic 
process), a large number of samples are collected and sample mean is applied to calculate 
the expectation of Equation (1.7).   
1.1.2 LOS Localization 
Most of the available localization techniques are designed for LOS applications. 
Examples include TOA fusion [22, 23] including global positioning system (GPS) [10], 
time difference of arrival (TDOA) fusion [24, 25], DOA fusion [26, 27], joint TOA-DOA 
estimation [9], and range fusion based on received signal strength indication (RSSI) [21]. 
In these methods, the angles (distances) of a TN with respect to BN(s) are calculated 
based on DOA (TOA or received signal strength) measurements.  
In TOA fusion and range fusion based on RSSI, the TN is localized at the crossing point 
of multiple (three or more) circles determined by the position of BNs and the distance 
between the TN and BNs (see Figure 1.4); in TDOA fusion, the TN is localized at the 
crossing point of multiple (three or more) hyperbolas determined by the position of BNs 
and the range difference between the TN and pairs of BNs (see Figure 1.5); in DOA fusion, 
the TN is localized on the crossing point of multiple (two or more) lines determined by the 
position of BNs and the angle of the TN with respect to BNs (see Figure 1.6); and, in joint  
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Figure 1.4: TOA fusion localization. 
 
 
Figure 1.5: TDOA fusion localization. 
TOA-DOA estimation, the TN is localized at the crossing point of the circle determined 
by the position of BN and the distance between BN and TN and the line determined by 
the position of BN and the angle of TN with respect to the BN (see Figure 1.7). 
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Figure 1.6: DOA fusion localization. 
 
Figure 1.7: Joint TOA-DOA localization. 
Except joint TOA-DOA estimation, the main limitations of these localization techniques 
include:  
(1) BNs position should be known or computed via other localization method, e.g., 
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the position of BNs (i.e., GPS satellites) in GPS is calculated via tracking the orbit 
of satellites using base stations installed on the earth.  
(2) Two or more BNs are needed to perform localization. In DOA fusion, at least two 
BNs are needed; in TDOA fusion, range fusion based on RSSI and TOA fusion 
based on round-trip (e.g., wireless local positioning system (WLPS) [9]) or hybrid 
single-trip TOA measurement [11], at least three BNs are needed; and, in TOA 
fusion based on single trip TOA measurement (e.g., GPS), at least three BNs for 
2-dimentional and four BNs for 3-dimentional application are needed.  
(3) Geometric dilution of precision (GDOP): The TN cannot be localized or the 
localization accuracy would be poor when the TN and BNs are on the same line in 
DOA fusion [28] or when BNs are close to each other in TOA fusion [10], TDOA 
fusion, and range fusion based on the received signal strength indication (RSSI).  
The shortcoming of the localization method based on TOA-DOA estimation is that its 
localization accuracy decreases as the distance between BN and TN increases.  
In this dissertation, a LOS localization method based on multi-node TOA-DOA fusion is 
proposed. It overcomes the above shortcomings related to the available LOS localization 
method. In this method, each BN has the capability of estimating other nodes’ TOA and 
DOA. The localization approach is similar to the WLPS as discussed in Figure 1.2.One 
BN is selected as the reference BN and other nodes (including BNs and TNs) are 
localized in the coordinate of the reference BN. Because each BN can localize other BNs’ 
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positions, the position of BN is not necessary. When there is only one BN localizing a 
TN, the TN can still be localized with a reasonable accuracy under any geometrical 
distribution of BNs and TN as long as a LOS between BN and TN is available. When 
multiple BNs are engaged in localizing one TN, higher localization accuracy is expected.  
It should be noted that even when one BN is capable of localizing one TN and LOS is not 
available, LOS-NLOS identification techniques should be used by that BN to realize that 
the localization is not reliable. Thus, we investigate single node LOS-NLOS 
identification techniques. In addition, when multiple BNs are available to localize a TN, 
they may collaborate to not only identify the lack of availability of LOS but also localize 
the NLOS TN under certain conditions. The approach for this collaboration will also be 
studied.     
1.1.3 LOS and NLOS Identification  
In real applications, LOS channel between BNs and between BNs and TN may not be 
available. NLOS reduces or completely removes the reliability in localization [29]. 
Hence, if the NLOS BN can be identified, we can apply suitable method to deal with 
NLOS impact. For example, when there are enough LOS BNs, the data attained by 
NLOS BNs is discarded and the data achieved by LOS BNs is used in the localization 
process to obtain a reliable TN position estimation [30, 31]. 
Accordingly, LOS and NLOS separation is necessary in node localization and many 
NLOS identification techniques have been proposed. These techniques include the 
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separation method based on the root-mean-squared delay spread (RDS) [32] and the 
method based on the statistics of the measured range [29], etc.  
In the method based on the RDS, the received ultra wideband (UWB) signal’s TOA and 
RSS are first calculated, and then the RDS is calculated and used to separate LOS and 
NLOS [32]. Because UWB signal is needed in this method, it is not applicable to 
wideband or narrowband systems. In addition, UWB signals are only applicable to short 
range scenarios. The method based on the statistics of the measured range, tests the 
normality of the measured range. If the signal is coming from the LOS channel, the 
measured range should have normal or almost normal distribution; while if the signal is 
coming from NLOS channel, the measured range would not be normal [29]. This method 
involves some latency as the full statistics of the estimated range should be attained.  
In this dissertation, two LOS and NLOS separation techniques are proposed, which have 
small or no latency and are applicable to wideband and narrowband systems. The first 
one is based on the variance of the phase difference of signals received by a synchronized 
bi-receiver system, which can separate LOS and NLOS when only one BN is available; 
and, the second one is designed to separate LOS and NLOS between multiple BNs and 
one TN (two or more BNs have LOS with the TN, or one or no BN has LOS with the 
TN), which is based on the geometrical relationship across BNs, TN and reflectors.  
1.1.4 NLOS Mitigation  
The severe impact of NLOS on localization performance motivates researchers to find 
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methods to deal with NLOS – mitigating NLOS impact on traditional LOS localization 
methods or designing new methods that directly use NLOS measurements in the 
localization process. The NLOS localization methods would be reviewed in the next sub-
section. The available NLOS mitigation techniques can be divided into two categories:  
(1) Identifying NLOS BNs, discarding the data collected by these BNs in the localization 
process and using the data obtained by LOS BNs to localize TN [30, 31, 33]. 
(2) Identifying NLOS BNs and calibrating the data acquired via these NLOS BNs using 
the statistics obtained in NLOS channel models [34, 35] and then applying the data 
collected by LOS BNs and the calibrated data attained by NLOS BNs to implement the 
localization [35, 36, 37]. 
The first category of methods needs enough number of LOS BNs (at least two BNs for 
DOA fusion, and three BNs for TOA fusion). While in some scenarios, the number of 
LOS BNs may be smaller than the necessary number due to obstructions. Thus, these 
kinds of methods would not perform. The second category needs the statistics of the 
NLOS measurement. While in many applications, this information is not available or not 
accurate. Thus, the performance of the second category would be poor. 
1.1.5 NLOS Localization 
Typical NLOS localization examples include signature mapping [38], leveraging across 
multiple lines of possible mobile device location (LPMD) [39] and the crossing point of 
multiple lines [40]. In signature mapping, both BNs and TNs are Omni directional nodes. 
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While in the other two NLOS localization methods, BNs are equipped with antenna 
arrays and have the capability of estimating TOA and DOA of TN. In [39], TN is an 
Omni directional node. But in [40], TN is equipped with antenna arrays. These methods 
and their limitations follow.  
In signature mapping [38], an RSS map (data base) of the environment is prepared. In this 
map, a set of RSS (reference signature) from multiple BNs is measured at each reference 
point m (xm, ym), m is the reference point index and 1 ≤ m ≤ M, M is the total number of 
reference points. A TN listens to BNs beacon and achieves a received signature. The 
reference points with distances (the Manhattan distances or Euclidean distances between 
received signature and reference signatures) that are smaller than a threshold is selected; 
and then the TN is localized at the centroid of these selected reference points.  
It is clear that in this technique the availability of LOS between BNs and TN is not 
required. But an RSS map of the application environment should be created prior to the 
implementation of Localization. When a priori information of the environment is not 
available, the RSS map would not be available, and this method would not perform. 
These maps can be generated using software such as “site planner” [41].  
In the method based on leveraging LPMD, the reflectors are assumed to be either parallel 
or perpendicular to each other. This assumption is reasonable in most indoor environment 
and downtown area. But it is not reasonable in an area with irregular distribution of 
buildings such as in building complexes. In the method based on the crossing points of 
multiple lines determined by multiple NLOS TOA-DOA estimations, both BNs and TNs 
19 
 
are equipped with antenna arrays. Antenna arrays are expensive and consume much more 
power than an Omni directional receiver. In many applications, where cost and power 
consumption are critical, the method based on the crossing point of multiple lines [40] 
would not be a good option.  
In this dissertation, we propose a NLOS localization method based on multiple BNs 
TOA-DOA estimations. In this method, the TN is an Omni directional node, and multiple 
(three or more) reflectors are shared by the TN and sets of BNs. First, the shared 
reflectors is determined and localized via DOA fusion; then, the distance between shared 
reflectors and the TN is calculated; and, finally, the TN is localized via TOA fusion based 
on the shared reflectors localization.  
1.2 Organization of This Dissertation  
We first propose a semi-distributed multi-node TOA-DOA fusion localization method. 
This is a cooperative method, i.e., TNs cooperate with BNs in order to allow them to find 
their position via TOA and DOA estimation. In this method, every BN equipped with 
antenna arrays is capable of estimating other nodes TOA and DOA, and therefore can 
independently localize other nodes in its local coordinate. When a TN is localized by 
multiple BNs and these BNs can localize each other (or their positions are known), the 
position of the TN calculated by these BNs can be transformed into a reference 
coordinate (one BN’s local coordinate or the coordinate that these BNs are located in) 
and fused to obtain a better position estimation. This semi-distributed fusion scheme is 
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proposed in Chapter 2. Here, the term “semi-distributed” means a part of nodes in the 
system are in charge of the data processing of localization. 
To evaluate the localization accuracy of the proposed method, in Chapter 3, we 
theoretically derive its localization circular error probability (CEP), and compare it with 
that of two other localization methods, GPS-aided TOA fusion and GPS-aided DOA 
fusion. The comparison shows that the proposed semi-distributed multi-node TOA-DOA 
fusion localization technique is suitable for moderate scale (i.e., coverage area) 
MANETs, while GPS-aided TOA fusion is suitable for large scale MANETs. 
In Chapter 4, to further improve the localization performance of the multi-node TOA-
DOA fusion localization method, we apply KF to the fusion result. Here, we assume that 
each BN attains TN position periodically. Therefore, multiple DOA and TOA, and 
accordingly a number of TN positions are acquired by each BN. The performance of the 
integration of KF and multi-node TOA-DOA fusion is compared to the extended KF 
(EKF). The comparison shows that the integration of KF and multi-node TOA-DOA 
fusion is stable and its performance is slightly lower than that of the EKF when EKF 
converges. But when the EKF diverges, the performance of the integration of KF and 
multi-node TOA-DOA fusion is much better than that of the EKF. IN addition, the 
computational complexity of the proposed method is much lower than that of the EKF.  
To identify LOS and NLOS channels between BN and TN, and to improve the 
localization reliability, in Chapter 5, we propose a LOS-NLOS identification technique to 
discriminate LOS and NLOS channels. This technique allows each BN to independently 
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identify LOS and NLOS. Thus, in this technique, the availability of multiple BNs is not 
required. This technique is specifically important when there is only one BN that is 
capable of localizing a specific TN. The method is based on the statistics of the phase 
difference of the received signals by a synchronized bi-receiver system. In other words, 
here, we exploit the availability of multiple antennas at the BN receiver to identify NLOS 
situations. The proposed technique has a very small latency.  
When multiple BNs are available to localize a specific TN, we present a technique that is 
capable of LOS and NLOS discrimination, and NLOS localization. The technique can 
also localize the position of reflectors in the environment. In other words, the proposed 
technique can be used for reflecting environment identification. Here, indeed the 
geometrical status of BNs and TN and the reflectors are exploited to maintain NLOS 
identification and localization. This separation technique is presented in Chapter 6. Here, 
the reflectors shared by TN and the sets of BNs are localized via DOA fusion, and then 
the distance between TN and these shared reflectors are calculated and the TN is 
localized via TOA fusion based on the shared reflectors localization.    
Chapter 7 concludes this dissertation and discusses some open problems. 
The basic structure of this dissertation is illustrated in Figure 1.8. 
1.3 Research Contributions and Publications 
This dissertation discusses the techniques of implementing node localization in LOS and  
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Figure 1.8: Organization of the dissertation. 
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Chapter 2 
LOS Target Node Localization Based on Semi-distributed 
Multi-node TOA-DOA Fusion
1
 
This chapter presents a semi-distributed multi-node TOA-DOA fusion localization 
technique. The fusion is implemented in the local coordinate of one of the BNs 
(reference-BN), and it improves the positioning performance with respect to the reference 
BN. In this chapter, the fusion weights and positioning error are derived theoretically, and 
the efficiency of a sub-optimal reference-BN selection method, the positioning error, and the 
position update rate are evaluated via simulations. 
2.1 Introduction 
In many TOA and DOA based localization techniques, it is assumed that BNs are fixed or 
their position is known (e.g., positioning in cellular network systems [42]). However, in 
many applications, such as MANET, BNs are mobile and localization techniques based 
on mobile BNs are required (e.g., TOA only method [43] and GPS-aided RSSI method 
[44]). Most systems use TOA [33, 43], DOA [45, 46], TDOA [47, 48] and RSSI [49, 50] 
to perform localization. A merger of these techniques might be incorporated to achieve 
better localization performance. Examples include but not limited to joint TOA-DOA 
                                                                    
1 © [2009] IEEE. Reprinted, with permission, from [IEEE Transactions on Vehicular Technology, A Novel 
Semi-distributed Localization via Multi-node TOA-DOA Fusion, Z. Wang, and S. A. Zekavat]. See 
Appendix A for full permission. 
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estimation [9, 51], DOA-RSSI [52], GPS-aided TOA [53], GPS-aided DOA [54], and 
GPS-aided RSSI [55]. These systems have emerging applications in multi-robot 
collaboration and coordination, sensor networks, road safety, security and defense. 
This chapter presents a semi-distributed localization technique based on multi-node 
TOA-DOA fusion. A MANET composed of mobile BNs and TNs is assumed. TNs are 
equipped with Omni-directional antennas communicating with BNs to support TOA-
DOA fusion. BNs are equipped with antenna arrays and capable of estimating received 
signal’s TOA and DOA. In the system each BN can independently localize other nodes, 
i.e., find TOA and DOA of other nodes in its coverage area. An example of these systems 
is wireless local positioning systems [9]. In this kind of systems, usually BNs are 
expensive and TNs are very cheap. Thus, in real applications (e.g., battle field command 
and control) the number of TNs is designed much higher than that of BNs.  
The positioning performance of the single node joint TOA-DOA estimation positioning 
system is highly dependent on the TOA and DOA estimation performance that is usually 
a function of the technique and many other parameters including the channel structure 
and the distance between BN and TN. In many scenarios, the localization performance 
achieved by single node positioning system is not adequate. Thus, fusion is applied 
across multiple BNs that localize a TN simultaneously to improve the positioning 
performance. We call this technique semi-distributed multi-node TOA-DOA fusion. Semi-
distributed is opposed to the centralized fusion, in which all processes are accomplished 
by one node. 
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In the proposed technique, one BN is selected as the reference-node. All BNs are 
localized in the reference-node's local coordinate system. Non-reference BNs are 
localized via TOA-DOA fusion across non-reference BNs and the reference-node. TNs 
are localized via TOA-DOA fusion across all BNs. The fusion computational load is 
distributed across all BNs. Available BNs and TNs form clusters. Each cluster contains 
one BN and multiple TNs. The BN within each cluster is in charge of localization data 
fusion of TNs located in its coverage area. 
We theoretically derive the fusion weights for non-reference BNs and TNs localization, 
propose a sub-optimal reference-node selection method, and calculate TNs localization 
mean square error (MSE). Simulations are conducted to evaluate the efficiency of the 
sub-optimal reference-node selection method, the localization error and the position 
update rate. The proposed technique is capable of positioning in GPS-denied 
environments, it possesses higher accuracy than single node localization, and it has 
higher position update rate than the centralized scheme. 
While many localization systems have been proposed in the literature, few of them 
address the localization independently via mobiles considering any combination of TOA 
and/or DOA estimation without using other systems (e.g., GPS) in the GPS-denied 
environments. An example is the TOA-only technique proposed in [43]. Here, all nodes 
are localized in a local coordinate system which is determined by three BNs. These three 
BNs first localize themselves, then, they localize all TNs in the local coordinate system. 
In this chapter, we compare the performance of the proposed method to that of the TOA 
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only method proposed in [43]. 
In this chapter, we first introduce the MANET structure and the semi-distributed multi-
node TOA-DOA fusion localization scheme; secondly, the fusion method is theoretically 
derived; then, we introduce the sub-optimal reference node selection scheme; and finally, 
simulations are conducted to evaluate the performance of the proposed method. 
2.2 Semi-distributed Multi-node TOA-DOA Fusion Localization Scheme  
2.2.1 MANET Structure 
The proposed MANET is shown Figure 2.1, which is composed of BNs and TNs. We 
assume: (1) There are N BNs and M TNs uniformly distributed in the MANET; (2) BNs 
localize other nodes by TOA-DOA joint estimation; (3) Only LOS scenario is considered; 
(4) TOA and DOA estimation errors are independent zero mean Gaussian random 
variables, TOA error variance is 2
TOA  (the corresponding range error variance is 
222
TOAR c   , c is the speed of light), and DOA error variance is 
2
 ; (5) DOA is 
measured anticlockwise with respect to the x-axis (e.g., east); and, (6) BNs' direction is 
aligned using a compass. 
2.2.2 Localization Scheme  
The proposed scheme includes three stages shown in the flow chart of Figure 2.2. 
(i) Sub-optimal reference-node selection and node clustering: BN i, },,1{ Ni  ,  
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Figure 2.1: The clustered MANET structure. 
 
Figure 2.2: Positioning flow chart. 
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estimates the distance between itself and all TNs, ( , )
,
B T
i jR , ,j  },,1{ Mj   (the 
superscript “B,T” indicates TNs information with respect to BN, and the subscript “ij” 
indicates the TN j’s information in the BN i's local coordinate); the BN v is selected as the 
reference-node using the following objective function (see Section 2.4 for details) 
2( , )
,
1
arg min
M
B T
sub-optimal i j
i j
v    R

  .                                  (2.1)  
It should be noted that in this chapter all coordinates are local and they are defined for 
BNs. In other words, the location of each TN can be calculated in the local coordinate of 
any given BN. Now, one of these BNs is selected as the reference-node and its coordinate 
is called the main coordinate (see Figure 2.1). The proposed fusion is applied to the 
positions of all nodes measured in the main coordinate. In the following discussion, we 
assume BN 1 is selected as the reference-node. 
To achieve higher position update rate, we divide the MANET into Q (Q ≤ N) clusters. 
The clustering objective is to minimize the fusion time. Here, we assume a cluster 
includes one BN and a number of TNs. The BN in each cluster is in charge of localization 
data fusion for all nodes located within that cluster. In practice, the number of TNs within 
each cluster varies. However, assuming uniform distribution of nodes, in a long run, the 
average computation load (number of TNs) across all clusters would be equivalent.  
(ii) Non-reference BN position estimation: The reference-node and each non-
reference BN pair localize each other. Then, we have one pair of estimated positions: 
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non-reference BNs position in the main coordinate (i.e., with respect to the reference-
node), and the reference-node's position in non-reference BNs local coordinate. The non-
reference BN fuses the two estimated observables via weighted sum to make a better 
estimation of its position in the main coordinate. Finally, non-reference BNs broadcast 
their position to make each BN aware of their location in the main coordinate. 
(iii) TNs position estimation: This stage consists of four steps: a) Every BN localizes 
TNs in its local coordinate; b) Each BN broadcasts the position of TNs that are not in its 
cluster to other BNs; c) Only the BN that is in the same cluster as the desired TN uses the 
broadcasted TN position information; d) That BN transforms TNs position to the main 
rectangular coordinate and fuses them to localize the TN. 
2.2.3 Position Update Rate 
Position update rate is an important parameter in a localization system. For example, GPS 
update rate is limited to 10Hz [56]; thus, INS (Inertial Navigation System) is integrated 
with GPS to achieve higher update rate, e.g., to navigate unmanned vehicles [56]. The 
position update rate,
u
Rate , is determined by data acquisition time, at , data 
transmission time, 
T
t , and data processing time, pt , i.e., ./1 pTau tttRate    
The data acquisition process is the same for centralized and semi-distributed schemes; 
hence, the data acquisition time for the two methods is the same, i.e., )()( ds
a
ce
a
tt  . Here, 
the superscript “ce” indicates the centralized scheme, and the superscript “s-d” refers to 
the semi-distributed scheme. In the centralized scheme, all non-reference BNs transmit 
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TNs position to the reference-node and the reference-node processes all data. In this case, 
the data transmission time corresponds to i
i
T
ce
T
utt max
1
)(  , and the data processing time is 
1
)(
p
ce
p
tMt  . Here, 1Tt  is the data transmission time for one TN; iu is the number of TNs 
localized by BN i; and, 1 pt  is the data processing time for localizing one TN. 
As mentioned, in the semi-distributed scheme, BNs broadcast the position of TNs that are 
not in their clusters. Thus, the data transmission time corresponds to
)(max 1
)(
ii
i
T
ds
T hutt 

, }, ,1{ Ni  , 
i
h  is the number of TNs in the cluster containing 
BN i; and, the data processing time is i
i
p
ds
p
htt max 
1
)(  .  
Now, assume a small scale MANET, in which, all BNs localize all TNs (i.e., 
,i ju u M   },,1{, Nji  ). In this case, the data transmission time in the centralized 
scheme ( 1
)(
T
ce
T
tMt  ) would be larger than that of the semi-distributed scheme 
( )
1( ( min ))
s d
T T i
i
t t M h   . Considering uniform clustering (the same number of TNs in 
each cluster), 
i
h  would be in the order of NM / . Hence,   1
)(
1
)( /
P
ce
PP
ds
P
tMttNMt  , 
and we achieve higher position update rate than the centralized scheme.  
2.3 Multi-node TOA-DOA Fusion 
2.3.1 Non-Reference BNs Localization Fusion 
The reference-node (BN 1) and non-reference BN i localize each other, and achieve the 
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distance and angle pairs ),( )(1
)(
1
B
i
B
iR   and ),(
)(
1
)(
1
B
i
B
iR  . The superscript (B) indicates BN, 
and the subscript 1i (or i1) indicates the BN i's (or 1's) information in the BN 1's (or i's) 
coordinate. BN i is localized by fusing the two sets of data in the main polar coordinate 
via weighted sum. Assuming similar zero mean Gaussian noise at all BNs, we have
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Where, 
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Here, )(
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r  is the positioning error of BN i with respect to BN 1. In the main rectangular 
coordinate, BN i's true position, ),( ),(1
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Moreover, the BN i's position estimated via fusion, )ˆ,ˆ( )(
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The fused positioning error of BN i on x-axis, 
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Rang and angle errors are independent zero mean Gaussian random variables; thus, the 
localization errors 
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y  are jointly zero mean Gaussian random variables. 
Because 2)(1
2)(
1
2)(
1
)ˆ()ˆ()( B
i
B
i
B
i
yxr  , hence,     2
ˆ
2),(
1
2
ˆ
2)(
1 )(
1
)(
1
)( B
i
B
i
tB
iR
B
i
RrE

  . Here, 
  2),(
1
)(
1
2
ˆ
ˆ
)(
1
tB
i
B
iR
RREB
i
  and   



 
2),(
1
)(
1
2
ˆ
ˆ
)(
1
tB
i
B
i
EB
i


. Applying Lagrange multipliers to 
(2.3) leads to 
35 
 
  0)]1()1([ 2122112ˆ
2),(
1
2
ˆ )(
1
)(
1
 iiii
tB
iR
bbaaR B
i
B
i

 .                  (2.7) 
Here, (·) refers to differentiation with respect to ,1ia  ia2 , ib1  and ib2 . Because BN 1 and 
BN i perform independently, using (2.2), we can show
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BNs have the same range and angle error variances, i.e., 
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    BiBi . Thus, (2.8) leads to 5.02121  iiii bbaa . Incorporating these fusion 
weights into (2.2), we achieve the fused BN i's position in the main polar coordinate. 
Moreover, using (2.5), we obtain BN i's position in the main rectangular coordinate 
estimated via fusion. The corresponding positioning error variance, ),(
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2.3.2 TNs Localization Fusion 
TN position is estimated directly (one-hop) by the reference-node, and, indirectly (two-
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hop) through non-reference BNs. In this fusion, all positioning information of a TN is 
transformed to the main rectangular coordinate and then the projections on x and y axes 
are fused via weighted sum, respectively.  
i) Coordinate transformation: In non-reference BNs localization, we have calculated non-
reference BNs position in the main coordinate. Hence, TN position provided by any BN 
can be transformed into the main coordinate. The TN j’s position estimated by BN i is 
( , ) ( , )
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i j i jR  , the subscript “i,j” indicate TN j’s information in the BN i's local 
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The TN j’s localization error in the coordinate of BN i is calculated using the same 
method calculating the non-reference BN localization error.  
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Rang and angle errors are independent zero mean Gaussian random variables; thus, the 
localization errors ( , )
,
B T
i jx  and 
( , )
,
B T
i jy  are jointly zero mean Gaussian random variables. 
The corresponding positioning variance, ( , ) ( , )
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  , is 
37 
 
( , )
,
( , )
,
2 2 2 (B, ) 2 (B, ) 2 2 (B, )
, , ,
2 2 2 (B, ) 2 (B, ) 2 2 (B, )
, , ,
cos ( ) sin ,   
sin ( ) cos .
B T
i j
B T
i j
T,t T,t T,t
R i j i j i jx
T,t T,t T,t
R i j i j i jy
R
R


    
    
 
 
                    (2.12) 
When we transform TN j’s position into the main rectangular coordinate, we achieve 
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The corresponding positioning error ( , ) ( , )
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The reference-node is located at the origin; hence, in (2.13), 0ˆˆ )()(
1111
 BB yx ; and, in (2.14), 
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ii) Fusion: The weighted sum is applied to fuse multiple positioning information of TN 
provided by multiple BNs to estimate the TN position in the main rectangular coordinate. 
The fused TN j’s position ( ) ( )
1, 1,
ˆ ˆ( , )T Tj jx y and the positioning error 
( ) ( )
1, 1,
ˆ ˆ( ,  ) T Tj jx y  respectively 
correspond to 
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zero mean Gaussian random variables, as well. The fusion weights jip ,  and jiq ,  are 
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The constraints 
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,
1  are derived using the same approach as the 
constraints on (2.3). Incorporating      
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j j jr x y     into (2.17) and using the 
same approach applied to (2.3) (see Equation (2.7)), the fusion weights jip ,  and jiq , are 
calculated 
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Incorporating (2.18) in (2.15), the fused TN j’s position is calculated, and the positioning 
MSE is 
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2.3.3 System Computational Complexity 
The system computational complexity )(
NOM
C is defined as the number of multiplications 
in one estimation of all TNs' position. In the complexity calculation, we assume the 
values of sine and cosine functions are achieved via a lookup table. Moreover, seven 
multiplications are required for the inverse operation [57]. The number of multiplications 
in each localization step is listed in Table 2.1. Adding all multiplications listed in Table 
2.1 leads to 
.18)1824(7 2  NMMNC
NOM
                                   (2.20) 
Considering evenly clustering, the computational complexity of the semi-distributed 
method (in the order of NM  ) would be much lower than that of the centralized scheme 
(in the order of 2MN ). 
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Table 2.1: Number of multiplications in each localization step 
Localization step Number of multiplications 
Reference-node selection N · M 
Non-reference BNs localization 4 (N -1) 
Non-reference BNs positioning variance calculation 14 (N -1) 
Localizing TNs in BNs local coordinate 2 N · M 
TNs positioning variance calculation in BNs local coordinate 12 N · M 
Fusion weights calculation 7 (N +1) · N · M 
TNs position estimation fusion 2 N · M 
2.4 Sub-optimal Reference-node Selection  
As discussed in Section 2.2.2, the reference-node is carefully selected. The optimal 
selection algorithm follows: (a) let i = 1; (b) assume BN i, i  {1, 2, …, N}, is the 
reference-node, localize non-reference BNs and form clusters in the MANET; (c) localize 
TNs via fusion and generate TNs positioning MSE for this selection, 
 2, ,  1, ,i jE r j M  , and ,i jr is the TN j's positioning error in the condition that BN i is 
the reference-node; (d) if i < N, replace i with i+1 and go to step (b); (e) select BN that 
minimizes the positioning MSE across all TNs as the optimal reference-node, voptimal, i.e., 
 2,arg minoptimal i j
i j
v    E r  , i  {1, 2, … N}, j  {1, 2, … M}.            (2.21) 
As discussed in the steps (b) to (d) of the optimal reference-node selection, in this 
method, all TNs need to be localized N times via data fusion. This leads to a high time 
and power consumption.  
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To reduce the time and power consumption, we propose a sub-optimal scheme. 
Considering (2.14) and (2.19), we evaluate the upper bound of  2,i j
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In (22), the first inequality is well known and we ignore its proof. Here, ( , )
,
2
B T
ik jx
 is the x-
axis positioning error variance of TN j measured by the BN k, in the local coordinate of 
reference BN i. This is two-hop positioning that includes the positioning error of the TN 
with respect to the BN and that of the non-reference BN with respect to the reference BN. 
Thus, 
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2 2
B T B T
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  is the x-axis positioning error variance of the TN j 
measured by the reference BN i that is single hop positioning. Similarly, 
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  . 
This proves the second inequality in (22). 
The total positioning error variance of the TN j measured by the reference BN is 
( , ) ( , )
, ,
2 2
B T B T
ii j ii jx y
  . Using (2.14) and (2.12), and considering BN i is the reference BN, using 
some simple mathematical manipulations, it is proved that 
    ( , ) ( , )
, ,
2
2 2 2 2 ( , )
,B T B T
ii j ii j
B T,t
R i jx y
j j
R       . Here, 
2
R
  and 2

  are constants; hence,
 
42 
 
    2 22 2 ( , ) ( , ), ,arg min arg minB T,t B T,tR i j i j
i ij j
R R    . Comparing this equation with (2.21), 
we observe that in the proposed sub-optimal method, 
,i jr  in the optimal method of 
(2.21) has been replaced by ( , )
,
B T,t
i jR , i.e.,  
 
2
( , )
,arg min
B T,t
sub optimal i j
i j
v   R   .                                  (2.23) 
Thus, in the proposed sub-optimal approach, the BN that has the minimum total squared 
distance from all TNs is selected as the reference BN. Thus, in the proposed sub-optimal 
method, the non-reference BN positioning error is not minimized. In real applications, 
( , )
,
B T,t
i jR (true value) in (23) is replaced by 
( , )
,
B T
i jR (estimated value), and we achieve (2.1). 
Here, the distance of BNs to TNs ( ( , )
,
B T
i jR ) is measured once, while the summation across 
its square value is calculated N (the number of BNs) times; hence, considerable time and 
power are saved.  
2.5 Simulations and Discussions 
Simulations are conducted to evaluate the efficiency of the sub-optimal reference-node 
selection scheme, the positioning error and the position update rate of the proposed 
localization method. We also compare the positioning error of the proposed technique 
with the TOA-only technique proposed in [43]. In TOA-only technique, all nodes are 
localized in a local coordinate system which is determined by three BNs: one BN is located at 
the coordinate origin (BN A), the second one is located on the x-axis and its x-coordinate is  
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Figure 2.3: TOA-only localization method. 
assumed larger than zero (BN B), and the third one’s y-coordinate is assumed larger than 
zero (BN C). Figure 2.3 represents the TOA-only scenario.  
The TOA-only estimation technique has been summarized as follow: (1) the three BNs 
use TOA estimation to find the angle CAB; (2) the angle CAB is used to setup the 
local coordinate system; (3) the BNs use the TOA estimation to find the angle CAT and 
BAT (T is the target position); and, (4) they use CAB, CAT, and BAT and the 
range between BN A and TN T to find the target position. 
The proposed localization method and the TOA-only method presented in [43] are 
comparable: a local coordinate system is first determined via localizing BNs, and then 
TNs are localized in the local coordinate system. In other words, the two localization 
systems perform independently. Hence, we compare the positioning error of the proposed 
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localization method and the TOA-only method via simulations. 
Here, we assume: (1) All BNs in the MANET are involved in TNs localization; (2) The 
impact of nodes mobility is ignored; (3) The MANET coverage radius is normalized to 
R
 ; (4) nodes distribution in the proposed localization technique and the TOA-only 
localization technique is the same; (5) Processor performs 450 million multiplications per 
second; (6) DOA estimation needs 7000 multiplications [58], and TOA estimation and 
data detection have the same complexity; (7) TOA, DOA estimation and data detection 
are implemented at BNs, TOA estimation and data detection are implemented at TNs; 
and, (8) The communication data rate is 2Mbps and TOA-DOA occupies 40bits. 
The efficiency of the sub-optimal reference-node selection is evaluated in terms of 
average positioning MSE increment percentage defined as: 
     
2 2 2
( ) ( ) ( )
1, 1, 1,E E E 100%
T T T
j j j
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r r r
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           
 
   . 
Figure 2.4 depicts that the average positioning MSE increment decreases with number of 
TNs, i.e., the performance of the sub-optimal method tends to that of the optimal one as 
the number of TNs increases. If the number of TNs is not large enough and they are not 
distributed uniformly the optimal and the sub-optimal methods may lead to different 
selection of reference BNs which reduces the localization performance. The probability, 
by which the reference-nodes selected using the two methods are different, decreases as 
the nodes distribution tends to uniform distribution. In a MANET including more than 
two BNs and five TNs, the average positioning MSE increment is less than 1.6%.  
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Figure 2.4: Efficiency of the sub-optimal reference-node selection method. 
The positioning performance of the proposed method and the TOA-only method is evaluated 
in terms of the average positioning MSE normalized to the range error variance (
2
R ). In 
Figure 2.5, x-axis is the MANET coverage radius normalized to 
R
 , y-axis is the average 
positioning MSE normalized to 
2
R
 , the curve that is marked by circle represents the 
performance of TOA-only localization method and other curves represent the proposed 
TOA-DOA method. Figure 2.5 depicts that: (i) the average positioning MSE of the proposed 
localization method decreases as the number of BNs increases, and the positioning error 
decreasing rate decreases as the number of BNs increases; for example, with 
R
80 MANET 
radius, 3º angle error standard deviation, the average positioning MSE is 26.9 R  (with one 
BN), 
21.4
R
  (with three BNs), and 24.2 R (with five BNs); (ii) the average positioning MSE  
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Figure 2.5: Average positioning MSE evaluation of the proposed semi-distributed 
localization technique and the TOA-only technique (here, αº means the angle error 
standard deviation is α degree). 
of the proposed localization method increases to more than 20 times as the MANET 
radius increases from 
R
40  to 
R
320 ; while the average positioning MSE of the TOA-
only method decreases to 68% as the MANET radius increases from 
R
40  to 
R
320 ; and, 
(iii) the average positioning MSE of the proposed localization method increases to 1.5 to 
2.4 times as the DOA error standard deviation increases from 2º to 3º.  
Thus, the proposed technique performance would be considerably superior to the TOA-
only estimation technique, if the DOA-estimation error is low and the MANET coverage 
area is small enough (for a given DOA estimation error). As the DOA estimation error 
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increases or the MANET coverage area increases, the TOA-only estimation technique 
would perform better. On the other hand, the simulations depict that in the TOA-only 
method, the positioning error could increase if the BNs are closely located: in the TOA- 
only technique, TOA estimation is used to measure the angle CAB in Figure 2.3. For a 
given TOA estimation error, closely located BNs lead to higher error in the estimation of 
CAB, this ultimately degrades the TN localization performance. Thus, there are 
limitations in the TOA-only estimation as well.  
In addition, comparing to the TOA-only method (in which at least three BNs are 
required), the proposed localization technique is able to localize TN with less number of 
BNs (1 or more). However, the complexity of each BN in the proposed TOA-DOA 
technique is higher compared to the TOA-only estimation: DOA estimation needs 
multiple-antennas.  
Based on the above discussion, one future direction of our research can be formed: we 
might be able to modify the proposed TOA-DOA technique and maintain a tradeoff 
between our technique and the TOA-only technique based on some variables. Those 
variables include: DOA estimation error, MANET coverage area and the BNs relative 
positions.    
The proposed localization technique does not depend on GPS; hence, it is applicable to 
GPS-denied environments. Its localization error is bounded by the single BN positioning 
error. In other words, any extra BN helps decrease the localization error. The TOA-only 
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method presented in [43] is also applicable in GPS-denied environments. However, in the 
TOA-only localization technique only three BNs contribute in the TN localization 
process. Hence, the localization performance cannot be enhanced by adding extra BNs to 
the system (unless we use the available BNs and select those that possess a better 
distribution).  
In the proposed TOA-DOA method, the positioning performance increases with a lower 
rate as the number of BNs increases. However, computational complexity increases with 
a higher rate as the number of BNs increases. Hence, if we increase the number of BNs 
beyond a specific number, we may highly increase the complexity, while its impact on 
the performance enhancement would be minimal. For instance, given M = 200 TNs, 
R
80  MANET radius, 2º angle error standard deviation, and the maximum complexity of 
12000, we should maintain the number of BNs equal to 5 to achieve the MSE of 
243.1
R
 . 
Moreover, if nodes are not uniformly distributed, some BNs may not localize some TNs. 
This reduces the performance of the proposed method.  
Figure 2.6 compares the position update rate of the proposed semi-distributed scheme and 
the centralized scheme. It depicts that: a) if the number of TNs increases to n times (n is a 
positive number), then the position update rate of the two methods would decrease to 1/n 
times; b) the position update rate of the two method decreases as the number of BNs 
increases, and the position update rate of the centralized method decreases much faster 
than the semi-distributed method; d) the  position update rate of the semi-distributed 
method is always higher than that of the centralized scheme; and, e) if the MANET  
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Figure 2.6: Position update rate comparison between the proposed semi-distributed 
scheme and the centralized scheme. 
includes less than 50 BNs and 400 TNs, the proposed semi-distributed scheme position 
update rate would be larger (more than 20 Hz) than that of GPS (limited to 10Hz).  
Taylor series are used to calculate nodes' positioning error and the fusion weight, which 
holds if errors are small; hence, this method is not suitable for those scenarios with large 
TOA and DOA estimation errors. For example, if LOS is not available or the number of 
reflections in the channel is high, the estimated DOA would not be reliable. Hence, in 
general, BNs should be capable of discriminating signals received through LOS and 
NLOS in order to evaluate the reliability of localization and fusion. This LOS and NLOS 
separation problem is addressed in Chapter 5. Moreover, if nodes are not uniformly 
distributed, some BNs may not localize some TNs. This reduces the performance of the 
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proposed method. 
In the proposed TOA-DOA localization technique, all nodes are localized in the local 
coordinate of the reference-node. If nodes’ positions in a global coordinate system are 
required, GPS or other global localization system should be applied to determine the 
reference-node position.     
2.6 Conclusions 
In this chapter, we proposed a novel semi-distributed localization technique based on 
multi-node TOA-DOA fusion. Here, based-nodes are capable of localizing TNs 
independently. The proposed method can be applied to MANETs in the GPS-available and 
GPS-denied environments. A sub-optimal reference-node selection scheme was proposed. 
The fusion weights and TNs positioning MSE were theoretically derived. Simulations 
confirm that: (1) the sub-optimal reference-node selection method is efficient: compared 
to the optimal method less than 1.6% extra localization error is introduced; (2) multi-node 
TOA-DOA fusion leads to higher positioning accuracy with higher number of BNs. 
Typically, the localization error using five BNs is reduced to 50% to 70% compared to 
the three BN scenario; (3) the positioning error of the proposed method increases to more 
than 20 times as the MANET radius increases from 40σR to 320σR, the proposed method 
is suitable for moderate scale MANET; (4) the TOA-only method positioning error would 
not change considerably if the MANET radius is larger than some value (e.g., R160 ), 
hence, the TOA-only method is suitable for large scale MANET; (5) the positioning error 
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of the proposed method increases to 1.5 to 2.4 times as the angle error standard deviation 
increases from 2º to 3º; and, (6) the position update rate of the proposed method would be 
larger than 20Hz assuming less than 50 BNs and 400 TNs are available within the 
MANET. 
2.7 Angle Calculation Ambiguity Removing  
DOA estimation error of smart antenna array is determined by many parameters that 
include: (1) the number of array elements; (2) DOA estimation method; (3) signal-to-
noise ratio (SNR); (4) the number of observations (snapshots); and, (5) the correlation 
coefficient of snapshots [59]. Considering a ten-element uniform linear antenna array, 
5dB SNR, 400 snapshots, and less than 0.5 snapshots’ correlation coefficient, applying 
root MUSIC DOA estimation method, the root mean square of DOA estimation error 
would be less than 1  [59]. Assume DOA estimation error is zero mean Gaussian random 
variables, the probability that the absolute value of DOA estimation error is larger than 
4/  would be ignorable, and we can take 4/)(1  
B
i  and 4/
)(
1  
B
i . This scenario 
limits node's true and estimated position either in the same quadrant or in the neighboring 
quadrants that makes the ambiguity analysis easier. 
In (2.2), we explained two sources of ambiguity. If source 2 that is the error in )(
1
B
i  (i.e., 
)(
1
B
i ) does not generate ambiguity, i.e.,  22/3
)(
1
 B
i
 and  2/23 ),(
1
 tB
i
, then the 
following four scenarios may happen: (a) the error in 
)(
1
B
i
 (i.e., )(
1
B
i
 ) makes 
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)(
1ˆ
B
i  
.2/)(
2/)]([
2/)]([
2/)]([ˆ
)(
1
)(
1
),(
1
)(
1
),(
1
)(
1
),(
1
)(
1
),(
1
)(
1
),(
1
)(
1
)(
1
)(
1








B
i
B
i
tB
i
B
i
tB
i
B
i
tB
i
B
i
tB
i
B
i
tB
i
B
i
B
i
B
i
                           (2.24) 
Similarly, we calculate the fused angle in scenarios (b), (c) and (d) 
( , ) ( ) ( )
1 1 1
( , )( ) ( ) ( )
1 1 1 1
( , ) ( ) ( )
1 1 1
( ) / 2 ,     scenario (b);
ˆ ( ) / 2 2 ,   scenario (c);
( ) / 2 2 ,   scenario (d).
B t B B
i i i
B tB B B
i i i i
B t B B
i i i
   
    
   
     

    

    
                     (2.25) 
Sine and cosine functions are periodic with the period of 2 ; hence, scenarios (c) and (d) 
do not introduce error in the BN i's position calculation [see (2.5)]. But in scenarios (a) 
and (b), errors would be introduced. Using the same analysis method, we calculate the 
fused angle in the other scenarios. Table 2.2 summarizes all scenarios. It is observed that 
finally only four scenarios lead to ambiguity. Table 2.2 also shows that how correction 
can be applied. The ultimate angle fusion equation corresponds to 
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Table 2.2: Possible angle calculation ambiguity in all scenarios 
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2  BN i's true position is in BN 1's second quadrant, but the estimated position is in BN 1's third quadrant. 
3  BN 1's true position is in BN i's fourth quadrant, but the estimated position is in BN i's first quadrant. 
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Chapter 3 
Localization Performance of the Semi-distributed Multi-node 
TOA-DOA Fusion  
This chapter evaluates the performance of the proposed semi-distributed multi-node 
TOA-DOA fusion localization technique and compares it with the other two localization 
methods, GPS-aided TOA fusion and GPS-aided DOA fusion, in terms of localization 
CEP. The localization CEP of the three techniques is derived theoretically, verified via 
simulations and compared. The comparison confirms that in moderate scale MANETs, 
the semi-distributed multi-node TOA-DOA fusion localization technique achieves the 
best performance; while in large scale MANETs, GPS-aided TOA fusion leads to the best 
performance.  
3.1 Introduction 
Different localization performance evaluation standards have been introduced. These 
standards include cumulative localization error distribution [60], mean and standard 
deviation of the positioning error [61], normalized mean square of the positioning error 
[62], and geometrical dilution of precision (GDOP) [10, 28, 63]. GDOP only provides the 
positioning performance of a system considering single category of measurement (TOA 
or DOA) and assuming the measurement errors are independent and identically-
distributed. Normalized mean square, mean and standard deviation of the positioning 
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error can be applied to any positioning system, but it only provides one statistics of the 
positioning performance. Cumulative localization error distribution, also known as CEP 
[64], incorporates the cumulative density function (CDF) of the positioning error. Hence, 
it includes more information on the statistics of the positioning error. In addition, it can 
be applied to any positioning system in any scenario.  
Accordingly, we evaluate the performance of the semi-distributed multi-node TOA-DOA 
fusion localization technique in terms of localization CEP in the condition of all TNs 
being localized and compare it to that of GPS-aided TOA fusion (the performance of 
TOA fusion and TDOA fusion is the same [65]) and GPS-aided DOA fusion. In the 
condition that not all TNs are localized, we use the probability of TNs being localized as 
standard to compare the three localization methods.  
In this chapter, we first derive the localization CEP of the semi-distributed multi-node 
TOA-DOA fusion; then, we study the impact of GPS positioning error on TOA (DOA) 
estimation and derive the localization CEP of these two methods; and finally, simulations 
are conducted to verify the theoretical derivation and compare the three localization 
methods.  
3.2 CEP of the Semi-distributed Multi-node TOA-DOA Fusion 
CEP of the TN position estimation by the semi-distributed multi-node TOA-DOA fusion 
with any given BNs and TN geometrical distribution corresponds to 
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Here,   is a non-negative number that normalizes the positioning error with respect to 
R . jr  is the TN j's position estimation circular error with given BNs and TN j’s 
geometrical distribution (the relative position of BNs and TN j). It is the same with the 
localization error, 
1, jr , defined in (2.15), if BN 1 is selected as the reference-node. 
Because in this chapter, we do not consider reference-node selection, we simply note the 
localization error as 
jr . In addition, )( int, jrpo rf j   is the circular error PDF with the 
given nodes geometrical distribution. In MANETs, all nodes are moving; hence, nodes’ 
geometrical distribution is continuously changing. We can achieve infinite possible 
geometrical distribution as there are infinite points in an area. In (3.1), we use the 
subscript “point” to represent a possible node geometrical distribution in MANETs. The 
circular error PDF changes with the variations in the BNs and TN geometrical 
distribution. Now, in order to find the CEP, the PDF of 
j
r  )]([  int, jrpo rf j   should be first 
determined. Recall that 
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j yx   is the localization error of 
TN j via multi-node TOA-DOA fusion, it is the same as the fused localization error 
),( )(,1
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,1
T
j
T
j yx   defined in (2.14) if the BN 1 is selected as the reference node. Because we 
do not consider reference-node selection in this chapter, we simply note it as 
),( )()( Tj
T
j yx  . Hence, if we find the joint PDF of 
)(ˆ Tjx  
and )(ˆ Tjy , i.e., 
58 
 
)ˆ,ˆ( )()(
ˆ,ˆ
)()(
T
j
T
jyx
yxf T
j
T
j


, the PDF of 
j
r  would be able to simply calculated. The covariance 
matrix of )(ˆ Tjx and 
)(ˆ Tjy  corresponds to 
.
2
ˆ
2
ˆ
2
ˆ
2
ˆ
2
ˆ
2
ˆ
2221
1211
)()()(
)()()(




















T
j
T
j
T
j
T
j
T
j
T
j
yyx
yxx

                                        (3.2) 
Considering (2.13), the fused TN j's positioning error variances ),(
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The covariance of )(ˆ Tjx and 
)(ˆ Tjy  are calculated in Section 3.6. In addition, in Chapter 2, 
we have shown that )(ˆ Tjx and
)(ˆ Tjy  are jointly Gaussian. Hence, the joint PDF of 
)(ˆ Tjx
and )(ˆ Tjy  corresponds to [66, 2.1-150] 
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Where,     refers to the matrix determinant calculation. Recall that 
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Incorporating (3.5) into (3.1), we can calculate the point CEP of the TN position 
estimation for any given BNs and TN geometrical distribution, which corresponds to 
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There is no theoretical solution for the integration of (3.6); hence, we evaluate it 
numerically and compare the numerical result with the simulation result. The average 
CEP is achieved by averaging the point CEP in (3.6) over all possible BNs and TN 
geometrical distribution (i.e., all possible point CEP’s) in the MANET.  
3.3 CEP of GPS-aided TOA Fusion and GPS-aided DOA Fusion  
Here, first we derive the relationship of the total range (angle) estimation error and the 
range (angle) errors generated due to two factors: BNs range (angle) estimations and GPS 
positioning errors (Section 3.3.1). In the next step, we derive the relationship of the BNs 
total range (angle) estimation errors and the TN positioning errors projected on x and y 
axes (Section 3.3.2). Finally, using the relationship derived in Section 3.3.2, we derive 
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the positioning CEP for GPS-aided TOA (DOA) fusion in Section 3.3.4. 
3.3.1 The Impact of GPS Positioning Error on the Final TOA (DOA) Estimation 
Figure 3.1 shows the structure of the MANET that applies GPS-aided TOA (DOA) fusion 
to localize TN. Here, we assume TOA/range (DOA/angle) estimation errors are 
independent zero mean Gaussian random variables. In these two localization methods, 
the position of BN i ),,[( ),(),( tBi
tB
i yx  1,2, , ,  i N and N is the number of BNs in the 
MANET] is estimated using GPS receiver 
( , ) ( ) ( )
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( , ) ( ) ( )
, , 
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B t B B
i G i G i
x x x
y y y
  
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                                              (3.7) 
 
Figure 3.1: The structure of the MANET that applies GPS-aided TOA (DOA) fusion. 
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In (3.7), ),( )(  ,
)(
 ,
B
iG
B
iG yx  is BN i's position estimated by GPS receiver, and it is known; and, 
),( )(  ,
)(
 ,
B
iG
B
iG yx   is the positioning error. The range and angle from the TN with assumed 
known position ),( yx  to BN i are respectively represented by 
( , ) ( , )
, 
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Here, the subscript iG,  indicates that the data is achieved via GPS receiver for the BN i. 
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 . Applying Taylor series to expand (3.8) 
and (3.9) and only taking the first order terms, the range estimation error )(  , iGR and angle 
estimation error )(  , iG  generated by the GPS positioning error are derived 
( ) ( ) ( ) ( )
, , , , ,
( ) ( )
, , 
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and, 
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Based on [10], )(  ,
B
iGx  and 
)(
 ,
B
iGy  are jointly zero mean Gaussian random variables with the 
same variances
2
G
 ; in addition, GPS receivers perform independently; hence, iGR  , ( iG  ,
), 1,2, ,i N , are independent zero mean Gaussian random variables. The variances of 
iGR  ,  and iG  ,  correspond to 
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and, 
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.                                 (3.13) 
Here, Gxia  and Gyia  are the direction cosines of the unit vector pointing from TN to the BN 
i's position estimated by GPS with respect to x and y axis, respectively (see Figure 3.2). 
Because BNs and GPS receivers perform independently, in GPS-aided TOA fusion, two 
independent sources of errors can be defined: BNs range estimation error )(  iR  and the 
range estimation error )(  , iGR  generated by the GPS positioning error. 
Now, when the GPS positioning error is very small with respect to the distance between 
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BN i and TN, the line connecting the calculated position of the BN to the TN and the line 
connecting the true position of the BN and TN (see Figure 3.2) would approximately 
overlap. In this case, the range error generated by the GPS positioning error )(  , iGR  can 
be projected on the line connecting TN and the true position of the BN as well. In 
addition, the BN range estimation error )(  iR is in the direction from TN to BN. 
 
Figure 3.2: Transformation of GPS positioning error to range estimation error. 
These two errors can be linearly combined to achieve the total range estimation error 'iR . 
Base on the same discussion, we can calculate the total angle estimation error 'i . The 
total range and angle estimation errors correspond to 
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                                               (3.14) 
The estimation errors (
iR  and i ) and the errors generated by GPS positioning error 
,( G iR  and , )G i  are independent zero mean Gaussian random variables. Hence, the 
total range estimation error 'iR  and the total angle estimation error
'
i  are zero mean 
Gaussian random variables, as well. 
The corresponding range and angle error variance are 
'
,
'
,
2 2 2
2 2 2
,  
.
G ii
G ii
R RR
 
  
  
 
 
                                                (3.15) 
Here, )( 22  R is the BN range (angle) estimation error variance. Based on equations 
(3.12), (3.13) and (3.15), we achieve that 
222
''' RRR ji
  for any i and j, but 22 ''
ji 
  , if 
ji  .  
3.3.2 GPS-aided TOA (DOA) Fusion Localization error 
In this subsection, we first introduce the iterative algorithm that addresses TOA (DOA) 
fusion equations, and then derive the relationship of the total range (angle) estimation 
errors, i.e., 'iR  (
'
i ) in Equation (3.14), and the TN positioning errors projected on x 
and y axes.  
Consider ),( yx  as the unknown true position of the TN, then the TN range ( iR ) and angle 
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( i ) with respect to BN i are expressed as  
( , ) 2 ( , ) 2
( , )
( ) ( ) ,
i i
B t B t
i i
R f x y
x x y y
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                                        (3.16) 
and, 
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g x y
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
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
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                                  (3.17) 
Here, ),( ),(),( tBi
tB
i yx  is BN i's true position that is known, and i  {1, 2, …, N}, N is the 
number of BNs. In TOA fusion, 3N  ; and, in DOA fusion, 2N  . Please note that 
(3.17) has the same structure as (3.9), however, (3.9) is used to transform GPS 
positioning error to angle estimation error (the TN position (x, y) is assumed known), 
while (3.17) is used to transform the total angle estimation error to positioning error (BN 
i's true position ),( ),(),( tBi
tB
i yx  is assumed known). Equations (3.16) and (3.17) are 
nonlinear equations; hence, we apply iterative algorithm to calculate x and y in (3.16) and 
(3.17) using TN range (angle) with respect to multiple BNs [10]. The algorithm replaces 
),( yx  in (3.16) and (3.17) with an initial guess of TN position and calculates the 
associated position error. Then it updates the initial guess and repeats the process till the 
error satisfies the accuracy requirement. The algorithm details follow.  
Let ),( TT yx  denote the approximate TN position in TOA fusion. In the first step, we 
guess the approximate position (see Section 3.3.3 below for generating the initial guess). 
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Then, the TN position is expressed as 
,
.
T T
T T
x x x
y y y
  
  
                                                  (3.18) 
Here, ),( TT yx   denotes the offset of the approximate TN position from the true 
position. Using the approximate position ),( TT yx , the approximate range )(
''
iR  is 
calculated 
''
( , ) 2 ( , ) 2
( , )
( ) ( ) .
i i T T
B t B t
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R f x y
x x y y
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                                     (3.19) 
Incorporating (3.18) in (3.16), we achieve    
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Expanding (3.20) using Taylor series about the approximate position and ignoring higher 
order terms leads to 
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Let ,
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),( . Now, rearranging (3.21), we obtain the 
approximated range error 
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.                                          (3.22) 
Two unknown values Tx  and Ty  in (3.22) can be calculated using range information 
obtained by multiple (N ≥ 3) BNs: Let ,][ 1
T
nRR R  ,][ ''''1'' TnRR R  
],[ ""1
''''
nRR  RRR  
T
yny
xnx
hh
hh




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

1
1H , Tyx ]  [X , TTTT yx ]  [X  and 
T
TTTT yx ]  [  XXX , we have  (see [67]) 
TXHR 
'' .                                                   (3.23) 
The position offset (the positioning error) corresponds to 
  ''1 RHHHX   TTT .                                             (3.24) 
Note that (3.24) is calculated using the TN approximate position ),( TT yx . If the position 
offset does not satisfy the positioning accuracy requirement, we can iterate the above 
process with the updated approximation till the position offset satisfies the accuracy 
requirement. The approximation is updated by replacing  TX  with TT XX  , i.e.,  
TTT XXX  .                                                 (3.25) 
When the position offset satisfies the accuracy requirement, we localize the TN at TX  
and achieve the position offset )( TX .   
In GPS-aided TOA fusion, the approximate range error )( ''iR  defined in (3.22) can be 
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modeled as a linear combination of the total range estimation error ( 'iR ) defined in 
(3.14) and a complementary part ( iCR , ) [10], i.e., 
  .,
'''
iCii RRR                                                  (3.26) 
Accordingly, the TN position offset ),( TT yx   can be modeled as a linear combination of 
the position error ),( '' TT yx   generated by the total range estimation error )(
'
iR  and the 
position error ),( ,, TCTC yx   generated by the complementary range error )( ,iCR . 
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,
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                                               (3.27) 
Let TnRR ][ ''1'  R , 
T
nCCC RR ][ ,1,  R , 
T
TTT yx ][
''' X  and 
T
TCTCTC yx ][ ,,, X , in the matrix form, we have 
'' '
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,
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T T C T
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R R R
X X X                   
                          (3.28) 
'
TX  is generated by the total range estimation error )( 'R , and it cannot be diminished 
in the iteration process. While CR  and TC ,X  are generated by the arithmetic and 
diminished in the iteration process. At the end of the iteration, TC ,X  and CR  are small 
and can be ignored. In other words, the final positioning error is a function of GPS 
precision and the BN range estimation accuracy. Incorporating (3.28) in (3.24) and 
ignoring TC ,X  and CR , the positioning error in GPS-aided TOA fusion corresponds to 
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  '1' RHHHX   TTT .                                            (3.29) 
In DOA fusion, using the same iteration method presented above, we can estimate the TN 
position with the TN angles with respect to two or more BNs. And the TN position 
estimation error corresponds to 
  '1' θBBBX   TTD .                                              (3.30) 
In (3.30), TDDDD yx ]  [
'''  XXX  is the TN position error generated by the total 
angle estimation error, TDDD yx ]  [X  is the estimated TN position via the iteration 
method, 
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 and Tn ][
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1
'   θ  
is the total angle estimation error. 
3.3.3 Initialization of the Iteration Process 
The initial guess that leads to the convergence of the iteration process should support the 
following properties. For GPS-aided TOA fusion, first, the determinant of the matrix 
HHT  [H has been defined in (3.23)] should not be zero (i.e., 0HHT ). If 0HHT , 
  1HHT  would not exist, and we cannot continue the iteration to estimate the TN 
position. Hence, in each iteration step, we calculate HHT , if the initial guess makes 
HHT  equal zero or very small, we should ignore this initial guess and try a new initial 
guess to restart the iteration process. 
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Second, the approximate TN position circular error ( 22 TT yx  ) should converge to a 
small value as the iteration process continues. In the iteration process, if the approximate 
TN position circular error in each step is not obviously smaller than that in the previous 
step, the iteration would diverse. Hence, in each iteration step, we calculate the ratio of 
the circular error of the new step to the previous one. If this ratio is considerably less than 
one, we keep the initial guess; else, we ignore that and try a new one.  
Similarly, in GPS-aided DOA fusion, we monitor the determinant of BBT  (i.e., BBT ) [B 
was defined in (3.30)], and the TN position circular error (i.e., 22 DD yx  ) to guarantee 
the validity of the initial guess. 
3.3.4. CEP of GPS-aided TOA (DOA) Fusion 
In Section 3.3.1, we showed that 'iR , 1,2, ,i N , are zero mean Gaussian random 
variables with the same variance. In addition, BNs perform independently and GPS 
receivers perform independently; hence, 'iR , 1,2, ,i N , are independent and 
identically-distributed zero mean Gaussian random variables. Positioning errors 'Tx  and 
'
Ty  are linear combinations of 'iR , 1,2, ,i N ; hence, 'Tx  and 
'
Ty  are jointly 
Gaussian random variables. Based on similar analysis, in GPS-aided DOA fusion, 
positioning errors '
Dx  and 
'
Dy  would also be jointly Gaussian random variables. Let 
) cov( '
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  and )cov( '
2221
1211
DUU
UU
XU 



 , and apply the same approach as 
that of Section 3.2, the point PDF in GPS-aided TOA (DOA) fusion is derived. 
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Here, 
2'2'
TTT yxr   (
2'2'
DDD yxr  ) is the GPS-aided TOA (DOA) fusion 
positioning circular error with a given nodes' geometrical distribution. Incorporating 
(3.31) and (3.32) into (3.1), the point CEP of GPS-aided TOA fusion and GPS-aided 
DOA fusion are derived. 
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and, 
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In (3.34), we select  /RsR   for the convenience of comparing GPS-aided DOA 
fusion and the other two techniques. Averaging the point CEP achieved in (3.33) and 
(3.34) over all possible nodes' geometrical distribution in the MANET, we calculate the 
average CEP of the MANET. 
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3.4 Simulations and Discussions 
In this part, (1) we compare the probability of TNs being localized in the three 
localization techniques with respect to the MANET coverage radius in the condition that 
the MANET coverage area radius is greater than half of the BN coverage radius; (2) 
verify the theoretically computed point CEP and compare the average localization CEP of 
the three localization methods in the condition that the MANET coverage radius is 
smaller or equal to half of the BN coverage radius. We consider the same nodes' 
geometrical distribution for the two comparisons. In addition, we compare the average 
localization CEP with respect to different parameters. These parameters include the 
number of BNs in the MANET, the MANET coverage radius, DOA estimation error 
standard deviation and the ratio of GPS positioning error variance on x (y) axis, 2G , to 
the BN range estimation error variance, 2R , that is 
22 / RGZ  . 
It should be noted that only in GPS-available environments, we can apply GPS-aided 
TOA (DOA) fusion to localize TNs; while the semi-distributed multi-node TOA-DOA 
fusion localization technique is not affected by the availability of GPS service. 
A. Simulation Assumptions 
In order to make a fair comparison across all techniques, we assume: (1) all nodes are 
uniformly distributed in the MANET; (2) the nodes geometrical distribution is the same 
for the three localization techniques; (3) in GPS-aided TOA (DOA) fusion, BNs position 
is determined via GPS receivers; (4) for the first simulation (Figure 3.3), the MANET 
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coverage radius is maxR , 6.15.0  , there are 5 BNs and the performance is evaluated 
in terms of the probability of TN being localized; (5) for other simulations, the MANET 
coverage radius is maxR , 5.00  , i.e., all BNs can estimate other nodes' TOA and 
(or) DOA in the MANET, and the localization performance is evaluated in terms of 
average positioning CEP )]([
R
rP   as a function of β. 
B. Simulation Results 
1. Probability of TNs being localized comparison: Here, we calculate the probability of 
TNs being localized in a MANET with a radius larger than half of the BN coverage 
radius ( max5.0 R ). Figure 3.3 depicts: (1) as the MANET coverage radius increases from 
max5.0 R to max6.1 R , the probability of TNs being localized decreases from 1 to about 0.8 
(GPS-aided DOA fusion), 0.55 (GPS-aided TOA fusion) and 0.49 (the proposed method); 
(2) with the same MANETs coverage radius, the probability of TNs being localized in the 
semi-distributed method is always lower than the other two methods.  
2. Point CEP Verification: Here, we generate the numerical results of point CEP for three 
localization techniques and compare them to the corresponding simulation results. Figure 
3.4 shows: (1) the simulation results are consistent with the numerical results; (2) there is 
a very small gap between the simulation and numerical results, because we ignored 
higher order terms in the computation of the positioning error; (3) the positioning CEP of 
the multi-node TOA-DOA fusion with raw estimations is consistent with that simulated 
CEP using true values; (4) the positioning CEP of GPS aided DOA fusion is much lower  
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Figure 3.3: probability of TNs being localized vs. MANET radius, with 5 BNs. 
 
 
Figure 3.4: point CEP with 5 BNs, Rmax = 80σR, σθ = 2º and the ratio Z = 0.5. 
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than that of the other two methods. Note that the point CEP only represents the system 
performance at a known (but randomly selected) nodes geometrical distribution. Thus, it 
might be better or worse than the average CEP. The average CEP is generated over a 
large number of point CEPs. 
3. Average CEP: Here, we compare the average CEP of the three localization techniques 
considering the number of BNs, MANET coverage radius, DOA estimation error and
22 / RGZ  . The results in Figures 3.5-3.8 show: (1) all methods perform better with 
more BNs; (2) the performance of GPS-aided TOA fusion is independent of MANET 
coverage radius, but the performance of the other two methods decreases as the MANET 
coverage radius increases; (3) the performance of the semi-distributed multi node TOA-
DOA fusion and GPS-aided DOA fusion decreases as the DOA estimation error 
increases; (4) as 22 / RGZ   increases, the performance of GPS-aided TOA fusion and 
GPS-aided DOA fusion decreases; and, (5) Considering max 80 ,RR   
 21 or  and 
5.0/ 22  RGZ  , semi-distributed multi-node TOA- DOA fusion performs the best and 
GPS aided DOA fusion performs the worst.  
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Figure 3.5: Average CEP vs. BNs number with Rmax = 80σR, σθ = 2º and Z=0.5. 
 
Figure 3.6: Average CEP comparison vs. MANET radius with 5 BNs, σθ = 2º and Z=0.5. 
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Figure 3.7: Average CEP comparison vs. DOA estimation error with 5 BNs, Rmax = 80σR, 
σθ = 2º and Z=0.5. 
 
Figure 3.8: Average CEP comparison vs. Z with 5 BNs, Rmax = 80σR and σθ = 2º. 
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C. Discussions 
The semi-distributed multi-node TOA-DOA fusion localization technique takes the 
advantages of the BNs property, the capability of localizing other nodes independently; 
hence, it does not depend on GPS to localize BN in MANETs. Accordingly, it is 
applicable in GPS-denied environments.  
The semi-distributed multi-node TOA-DOA fusion localization technique suffers from 
coordinate transformation: TNs’ position should be transformed from BNs local 
coordinates to the reference BN coordinates (the main coordinates) prior to the fusion. If 
a TN is not localized by the reference BN via any hop, then the TN position estimated by 
any BN cannot be transformed to the main coordinates. In this case, the TN cannot be 
localized in the main coordinates, even if it is localized by multiple BNs.  
The probability of TNs being not localized by the reference BN via any hop increases as 
the MANET coverage radius increases from half of BN coverage radius. In this case, the 
probability of TNs that are not localized in the main coordinates increases. But GPS 
aided TOA and GPS-aided DOA fusion methods do not suffer from coordinate 
transformation. In these two methods, all BNs and TNs are localized in earth-centered 
earth-fixed (ECEF) Cartesian coordinate; hence, no coordinate transformation is needed. 
In any MANET scale, as long as a TNs TOA (DOA) is estimated by at least 3 (2) BNs, it 
would be localized in the ECEF Cartesian coordinate. Finally, because GPS-aided DOA 
fusion technique needs only two BNs for localization, it is less vulnerable to coverage 
radius compared to GPS-aide TOA fusion.  
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The positioning error generated by DOA estimation increases as the TN and BN distance 
increases; however, the positioning error generated by TOA estimation remains 
unchanged. Hence, the average positioning performance of the semi-distributed technique 
would be high (low) in a moderate (large) scale MANET. 
The GPS-aided DOA fusion error is high. The reason is explained as follows. In the GPS-
aided DOA fusion, the total DOA estimation error is due to two factors: BN DOA 
estimation error and DOA estimation error generated by GPS positioning error. When the 
BN and TN distance is low, the DOA estimation error generated by GPS would be high 
and it leads to a high positioning error. In addition, when the BN and TN distance is high, 
the BN DOA estimation error would be dominant, which also generate a high positioning 
error due to high distance.  
In GPS-aided TOA fusion, the TOA estimation error includes BN TOA estimation error 
and TOA estimation error generated by GPS positioning error. These two errors are 
independent of the distance between BN and TN. Hence, average GPS-aided TOA fusion 
performance is independent of the MANET scale as long as all BNs can localize all TNs.  
The semi-distributed multi-node TOA-DOA fusion can be applied to MANETs in GPS 
denied environments. In the GPS available environments and all BNs localize all TNs, 
the semi-distributed localization method is suitable for moderate scale MANETs and 
GPS-aided TOA fusion is suitable for large scale MANETs.  
In this performance evaluation, for simplicity, we assumed TOA and DOA estimation 
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errors are independent and have identical zero mean Gaussian distributions. However, in 
general, TOA and DOA estimation errors are functions of many variables including SNR, 
bandwidth, channel multi-path effects and the availability of LOS [68, 69]. When LOS 
signal is available and it is stronger than NLOS signal: (a) TOA estimation errors can be 
considered zero mean Gaussian random variables with its variance normalized with 
respect to the TN and based-node distance (as distance increases, TOA estimation error 
variance increases) [70]; and, (b) the PDF of DOA estimation error fits Laplacian 
distribution [71]. Whereas in the scenario that LOS is not available or LOS and NLOS 
signal power are comparable, the statistics of TOA and DOA estimation errors are 
complicated and hard to compute [72]. In addition, depending on the nature of channels, 
the TOA and DOA estimation errors might become independent [71] or correlated [73].    
If the PDF of the TOA and DOA estimation errors are not identical, the joint distribution 
of )(ˆ Tjx and 
)(ˆ T
jy  would be hard to compute (in the scenario that the PDF of TOA and 
DOA estimation errors are identical zero mean Gaussian, we use Equation (3.4) to 
calculate the joint PDF of )(ˆ Tjx and 
)(ˆ T
jy ). Accordingly, the fusion CEP would be difficult 
to evaluate. Thus, making any conclusion would not be plausible.   
The performance of the semi-distributed multi-node TOA-DOA fusion is altered by the 
variances of the positioning error over x and y axis defined in (2.14), which depends on 
BNs localization error variance (calculated in (2.9)) and TN localization error variance 
(calculated in (2.12)). If TOA and DOA estimation errors are correlated, then an 
additional term that is a function of their correlation coefficient would appear in the 
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equations (2.9) and (2.12). This additional term ultimately degrades the performance of 
the fusion in the proposed semi-distributed technique.  
The other two techniques, i.e., GPS-aided TOA fusion and GPS-aided DOA fusion, only 
need the estimation of TOA or DOA. Therefore, in the first view, one may deduce that 
the performance of GPS-aided TOA fusion and GPS-aided DOA fusion may not be 
altered by the correlation of TOA and DOA estimation errors. But, let’s see what may 
impacts (or increase) the correlation of TOA and DOA estimation errors. We predict that 
multi-path environment impacts (or increases) the correlation of TOA and DOA 
estimation errors, because the estimation performance of TOA and DOA reduces as the 
channel multi-path effect increases. Thus, higher correlation might be translated into 
lower performance of GPS-aided TOA fusion and GPS-aided DOA fusion, as well. 
Accordingly, it is hard to make a solid conclusion when comparing our technique with 
GPS-aided TOA fusion and GPS-aided DOA fusion when TOA and DOA estimation 
errors are considered correlated.  
3.5 Conclusions 
In this Chapter, we theoretically derive and compare the point CEP of the semi-
distributed multi-node TOA-DOA fusion, GPS-aided TOA fusion and GPS-aided DOA 
fusion localization techniques. In addition, we verify the results via simulation, and 
compare the average CEP of these three localization techniques under the same nodes' 
geometrical distribution, and the same TOA and DOA estimation error variance. 
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Simulation results confirm that the semi-distributed multi-node TOA-DOA fusion 
localization technique is not suitable for MANETs with radius larger than half of BNs 
coverage radius. In the condition of MANET coverage radius smaller than or equal to half 
of BNs coverage radius, the semi-distributed multi-node TOA-DOA fusion localization 
technique leads to a better performance in moderate scale MANETs. GPS-aided TOA 
fusion localization technique leads to a better performance in large scale MANETs. Finally, 
GPS-aided DOA fusion leads to a lower performance compared to the other two 
techniques.  
3.6 Covariance Calculation 
The covariance of 
)(ˆ Tjx and 
)(ˆ Tjy  corresponds to 
)ˆˆ( )()(
ˆˆ )()(
T
j
T
jyx
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j
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j
 .                                      (3.35) 
Incorporating (2.16) in (3.35) leads to 
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In (3.36), if 1i , the TN j's positioning information is provided by the reference BN and 
the error is one-hop positioning error calculated in (2.12), which does not include the 
coordinate transformation error. Accordingly, the one-hop positioning error covariance 
corresponds to 
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And, if 1i , the TN j's positioning information is provided by non-reference BN and the 
error is two-hop positioning error, which includes the coordinate transformation error. 
Considering (2.6), (2.11) and (2.14), the two-hop positioning error covariance would 
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Incorporating (3.37) and (3.38) in (3.36), we can calculate the covariance of 
( )ˆ T
jx and
( )ˆ T
jy , and we can achieve  
.0)()( ˆˆ TjTj yx
                                                   (3.39) 
Hence, 
)(ˆ Tjx and 
)(ˆ Tjy are not independent. 
3.7 Point PDF Derivation  
From the discussion in Chapter 2, we know that the fused localization errors on x and y 
axes ( )(ˆ Tjx and 
)(ˆ Tjy ) are jointly Gaussian, and
2)(2)( ˆˆ Tj
T
jj yxr  ; hence, the CDF of 
j
r  corresponds to 
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Differentiating the CDF with respect to 
j
r leads to the PDF of 
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Incorporating (3.4) into (3.42), we have 
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Because,  2cos1cos2 2  , and  2cos1sin2 2  , (3.43) corresponds to 
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Here,  )cos(exp)(  g  is an even periodic function with period of 2 . Hence, 
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In (3.46), 
  
0
cos
0 1)( de  is the modified Bessel function of the first kind and zero 
order. In addition, 
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Chapter 4 
Localization with Kalman Filter in LOS Scenario
4
 
This Chapter proposes the application of Kalman filter (KF) to further enhance the 
performance of the multi-node TOA-DOA fusion, and compares it with a traditional 
method, applying extended Kalman filter (EKF) to multi-node TOA-DOA estimations to 
localize TN. The comparison criteria include localization accuracy in terms of error CDF 
and approximate posterior Cramer Rao lower bound (APCRLB), filter stability and 
computational complexity. The comparison confirms that the proposed method involves 
minor computational complexity, while it demonstrates slightly larger PCRLB; however, 
its stability is higher than EKF. This makes it a good candidate for localizing multiple 
TNs in mobile ad-hoc networks. 
4.1 Introduction 
KF was originally designed for target tracking purposes [74]. Nowadays, it is widely used 
for localization fusion applications when measurements are achieved periodically. In 
[75], KF is applied to fuse GPS, INS (inertial navigation system) and radar data to 
localize and track a missile and its target. In this system, there are only two localization 
targets (the missile and the missile target). In [76], TDOA and DOA measurements are 
fused using constrained KF. Here, the number of targets is small, as well.  
                                                                    
4© [2010] IEEE. Reprinted, with permission, from [IEEE ICT, A New TOA-DOA Node Localization for 
Mobile Ad-hoc Networks, Z. Wang and S. A. Zekavat]. See Appendix A for full permission. 
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When KF is applied to address fusion problems in ad-hoc networks, computational 
complexity and divergence should be considered. In centralized or semi-distributed 
localization methods, one BN is usually in charge of localizing multiple TNs. The BN 
processor capacity is limited. Thus, the computational complexity of localizing one TN 
should be limited; otherwise, the number of TNs being localized by one BN cannot 
exceed a certain threshold. In this case, we should increase the number of BNs. However, 
this increases the system cost. The divergence of a KF is related to the geometrical 
distribution of BNs and TN. In a MANET, nodes are mobiles, any geometrical may take 
place. When a KF diverges, large errors would be generated. 
In this chapter, we integrate KF with multi-node TOA-DOA fusion, which is stable, 
applicable in MANETs and exhibits low computational complexity. We compare the 
integration of KF and multi-node TOA-DOA fusion with a traditional localization 
method based on EKF (EKF is used to address the non-linear equation set constructed 
with measurements from multiple BNs) in terms of computational complexity, accuracy, 
and stability. EKF is usually used to address non-linear localization problems; hence, we 
select it as the comparison benchmark. Results confirm that the integration of KF and 
multi-node TOA-DOA fusion possesses considerably low complexity and is stable 
compared to EKF: EKF may diverge in some scenarios. The approximate posterior 
Cramer Rao lower bound (APCRLB) of the proposed method is slightly higher than that 
of EKF. In addition, its reliability and complexity makes it suitable for MANET 
applications, where a large number of TNs should be localized.  
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In this chapter, we first introduce the integration of KF and multi-node TOA-DOA fusion 
and the localization method applying EKF to multi-node TOA-DOA measurements; and, 
then, we compare two methods in terms of localization accuracy, approximate posterior 
Cramer Rao lower bound (APCRLB), filter stability and computational complexity; 
finally, simulations are conducted to confirm the comparison results.  
4.2 Localization with the Integration of KF and Multi-node TOA-DOA Fusion and 
EKF 
In this chapter, the proposed MANTE is shown in Figure 4.1. Two localization 
techniques are considered to localize the TN. The first one is based on multi-node TOA-
DOA fusion plus KF and the second one is based on the implementation of EKF to multi-
node TOA-DOA estimations, as shown in Figure 4.2. In this system, BNs position is  
 
Figure 4.1: Ad-hoc net work configuration. 
Base node 
1 2 
 
3 
4 
Target node 
x 
  y 
    θ   
    θ   
    θ   
    θ   
90 
 
…
Extended 
Kalman filter
 R1,θ1
RN,θN
Position
(b)
…
Fusion
 R1,θ1
Kalman 
filter
Position
…
(a)
RN,θN
 x1, y1
 xN,yN
 
Figure 4.2: Localization techniques. (a) Fusion plus KF. (b) EKF. 
given and all BNs periodically estimate TN position via joint TOA-DOA estimation. In 
the following sub-sections, we introduce the detail of the two methods. 
4.2.1 Localization Based on Fusion plus Kalman Filter 
At a time instance n (       ), when a TN position is estimated via the fusion of 
multi-node TOA-DOA fusion, we achieve the estimated TN position              as that 
in (2.15), the corresponding localization error variances   
    
   
    
    as that in (3.3) and 
the localization error covariance                 as that in (3.36). The corresponding 
error covariance matrix is noted as   
     
 
    
               
               
    
  
 
.  
Given a series of fused target node position              and the corresponding error 
covariance matrix   
   
, KF can be implemented at a BN to further reduce the localization 
error. The state transition model corresponds to 
91 
 
Xn 1   Xn  Wn 1.                                              (4.1) 
In (4.1),  Xn              
  is the TN state at time instant n including the TN position 
(     ) and the TN speed (       ),   is the state transition matrix,  Wn 1 is the process 
noise, and 
   
     
     
    
    
   
Wn 1   
      
      
   
   
   
  
  
 
   
.                              (4.2) 
In (4.2),    is the position update period (the time difference between two neighboring 
measurements);     and    are the TN acceleration on x and y axes, and    and    are 
assumed to be zero mean Gaussian random variables with the variance of   
 . In addition, 
       Wn       
   is the covariance matrix of the process noise at time instant 
   .  
The observation model is 
    
          Xn 1     
    
.                                           (4.3) 
In (4.3), the superscript (fk) indicates that the parameter is for the fusion plus KF method; 
     
                  
  is the TN position computed via fusion;             
    
  is the 
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observation matrix;     
                    
  is the localization error via fusion; in 
addition,     
           
    
     
     
  is the fused localization error covariance matrix.  
Based on the state transition model and the observation model, we apply KF to improve the 
localization performance via reducing fusion error. Given the state estimation   n|n
     and the 
corresponding error covariance  n n
          n    n|n
      at time instant n, the predicted 
state   n 1|n
    
 and the corresponding error covariance     | 
    
 at time instant     correspond 
to 
  n 1|n
        n|n
      
    | 
        n|n
       Q
n
                                           (4.4) 
Here, the subscript n+1|n depicts that the data at the time instant n+1 is calculated based 
on the measurements from the time instant 1 to the time instant n. Given the measurement 
information (    
    
) at time instant n+1, the updated estimation and the corresponding 
error covariance would be  
  n 1|n 1
    
    n 1|n
    
     
    
     
    
  
    |   
            
              | 
                                        (4.5) 
In (4.5),     
         | 
         
 
          | 
         
 
     
        is the Kalman gain, and 
     
         
       n 1|n
    
 is the measurement (fusion result) residue at time instant n+1.  
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4.2.2 Localization Based on Extended Kalman Filter 
When multiple BNs estimate a TN position via TOA-DOA measurements, EKF can be 
applied to address the non-linear equations fusing multiple TOA-DOA measurements to 
localize the TN. In the EKF, we assume the same state transition model as that of (4.1) 
and the observation model is taken as 
    
      Xn 1)     
   
.                                     (4.6) 
In (4.6), the superscript (k) indicates that the parameters are for EKF;     
    
               
  is the range and angle measurement vector at time instant n+1 
achieved by BNs 1 to N;     
                       
  is the error vector and its 
covariance matrix is     
            
     ; and,   Xn 1)                  are a set 
of nonlinear equations that transform the TN state Xn 1  to measurement     
   
. These 
nonlinear equations correspond to 
    
         
              
      
   
       
     
         
   
         
                                    
                         (4.7) 
Given the state estimation   n|n
   
 and the corresponding error covariance matrix  n|n
   
 
     n    n|n
   
  at the time instant n, the predicted state   n 1|n
   
 and the corresponding error 
covariance matrix     | 
   
 at the time instant     would be 
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  n 1|n
       n|n
       
    | 
   
    n|n
   
   Q
n
                                            (4.8) 
When the measurement information     
   
 at the time instant n+1 is available, the updated 
estimation and the error covariance are calculated as 
  n 1|n 1
   
    n 1|n
   
     
   
     
   
  
    |   
   
        
   
    
   
     | 
   
                                    (4.9) 
In (4.9),     
        | 
       
         
   
    | 
   
    
    
     
   
    is the Kalman gain;      
    
    
        n 1|n
     is the measurement residue vector of range and angle at the time instant 
n+1; and,     
    is the observation matrix calculated via a linearization process as follow, 
    
    
  
     
 
            
                                          (4.10) 
In (4.10), we only considered the first order derivative of   Xn 1) with respect to      at 
the point of             
   
 and ignored higher order derivatives. Hence, the observation 
matrix and therefore the EKF are biased. The biased EKF would not converge to the TNs 
true position, and when the bias is large (considerable error is ignored) the EFK may 
diverge.  In addition,     
   
 is a      matrix. Because   Xn 1) is only a function of TN 
position (         ); hence, the last two columns of     
   
 are zeros, i.e.,     
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          . Defining         |        |    
            |    
         , the first 
two column elements in     
   
 correspond to 
    
         
      
   
   
   
          
        
    
         
       
   
   
   
          
        
    
         
       
        
   
          
            
    
          
       
   
     
   
          
                                     (4.11) 
We have introduced the two localization techniques based on fusion plus KF and EKF, 
respectively. In the following section, we compare their localization accuracy, stability 
and complexity.  
4.3 Localization Accuracy, Stability and Complexity 
4.3.1 Localization Accuracy and Filter Stability 
As shown in Figure 4.2 (a), in the fusion plus KF method, multiple estimations of the TN 
x and y coordinates are fused to achieve a better TN position estimation. Then, KF is 
applied to further reduce localization errors. Taylor series’ first order term is used to 
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approximate localization errors in (2.11); hence, the error contained in H.O.T. is ignored.  
In the fusion, we use the error variance to calculate fusion weights; and the fused TN 
positioning error is taken as the measurement error for KF; hence, in the fusion plus KF, 
the approximated localization error is applied within both fusion and Kalman Filtering 
processes. These two sources of error are added on the top of measurement errors, and 
reduce the performance of TN position estimation. However, the observation matrix 
calculated in (4.10) is an approximation result, and it is applied once in EKF. Thus, if 
EKF converges, its accuracy would be higher than that of the fusion plus KF (the error 
generated by one application of approximation result in (4.10) in EKF is smaller than that 
generated by twice applications of approximation result in (2.11) in the fusion plus KF). 
The main component of the Taylor series H.O.T. that was ignored in (2.11) is the second 
order term (              ), which corresponds to 
         
           
         
             
            
         
            
       
         
           
         
            
            
         
            
          (4.12) 
In (4.12),      
     
 is the measured distance between BN i and the TN; hence, the ignored 
component increases with the distance between BN i and the TN. As a result, the fused TN 
localization accuracy and the KF performance decrease as the distance between BNs and 
TN increases.  
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We may refer to a special scenario, in which there is only one BN. In this case, no fusion 
happens in the proposed method. Approximation result is applied once in both the two 
methods; hence, fusion plus KF and EKF should perform equivalently. 
In the scenario that both KF and EKF converge, their localization accuracy can be 
compared via posterior Cramer Rao lower bound (PCRLB). According to the derivative 
in [77], the PCRLB of the above KF and EKF can be iteratively calculated respectively 
via  
    
            
 
    
               Q
n
    
                                (4.13) 
and, 
    
          
          
         
       Q
n
    
                                 (4.14) 
Where     
    
 and     
   
 are the PCRLB of the KF, and EKF, respectively at the time 
instance    ;   
    
 and   
   
 are the initial localization error covariance matrix of fusion 
plus KF and EKF, respectively, and they are assumed calculable;     
      
 is the covariance 
matrix of the fused TN position and the true TN position that is applied in the calculating 
process;     
     
 is the posterior observation matrix and it is obtainable by calculating     
   
 
using the true value to take the place of the estimated TN position; and, other parameters 
have been defined in previous equations. We applied Taylor series to calculate the 
localization error in (2.11), and the calculated error is applied in the following fusion and 
KF; in addition, we applied linearization method in the process of calculating     
     
; hence, 
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the bounds calculated in (4.13) and (4.14) are approximate values, and we call them 
approximate PCRLB (APCRLB).  
In the proposed KF and EKF, all system states have been considered and they are 
bounded; hence, true divergence would not happen. In the localization method based on 
fusion plus KF, the measurement covariance matrix is calculated using (3.3) and (3.36). It 
is clear that the covariance matrix would not be unrealistically small and hence apparent 
divergence would not take place in KF. While in EKF, the calculated states covariance 
matrix may be over-reduced due to the linearization of (4.11) and becomes unrealistically 
small [78]. In this scenario (e.g., in Figure 4.1, when only BNs 1 and 2 are available, and 
the TN is close to the line connecting BNs 1 and 2) divergence may occur,  and generate 
considerable localization error. This apparent divergence in EKF cannot be detected 
theoretically, but it can be detected via monitoring the state covariance matrix. Studying 
the relationship between EKF divergence and nodes topology, detecting and avoiding 
EKF divergence form the continuous work of this chapter.  
4.3.2 Computational Complexity 
We define the computational complexity as the number of multiplications required to 
create one estimation of the TN position. Here, we assume the values of sine, cosine and 
inverse tangent functions are available in a lookup table; seven multiplications are 
required for the inverse operation [57]; Gaussian-Jordan elimination method is used to 
calculate matrix inverse and        multiplications are needed to calculate the inverse 
of an    matrix, N refers to the number of BNs that involve the TN localization; and, 
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Newton method is used to calculate a number’s square root and twelve multiplications are 
needed in one square root calculation. In addition, zero and one multiplied by any number 
is not taken into account.  
The number of multiplications in the localization method based on fusion plus KF is 
listed in Table 4.1. Adding all multiplications in Table 4.1 leads to 
    
   
       .                                              (4.15) 
Table 4.1: Number of multiplications in fusion plus KF. 
Calculation step Number of multiplications 
Localizing TNs     2M 
TNs positioning covariance matrix calculation  16M 
Fusion weights calculation 28M 
TNs position fusion 2M 
Fused TN localization covariance matrix calculation 6M 
Calculation of    
n 1|n
   
 2 
Calculation of       
   
 4 
Calculation of     
   
 32 
Calculation of   
n 1|n 1
   
 6 
Calculation of         
   
 16 
 
The number of multiplications in the localization method based on EKF is listed in Table 
4.2. Adding all multiplications in Table 4.2 leads to 
    
   
                .                                (4.16) 
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Table 4.2: Number of multiplications in EKF. 
Calculation step Number of multiplications 
Calculation of    
n 1|n
   
 2 
Calculation of       
   
 4 
Calculation of      
   
 14M 
Calculation of     
   
 42 M 
Calculation of     
   
              
Calculation of   
n 1|n 1
   
 6 
Calculation of         
   
 16 
Equations (4.15) and (4.16) clearly depict that the computational complexity of the 
localization method based on fusion plus KF is considerably lower than that of the method 
based on EKF.  
Nowadays, processors can handle more computational load than ever. If we localize a few 
TNs, the processor may handle the computational load generated by fusion plus KF or EKF 
in real time. But if there are a large number of TNs to be localized, using fusion plus KF, a 
processor can localize much higher number of TNs compared to using EKF. 
4.4 Simulation and Discussion 
In the simulations, we assume: (1) the range estimation error standard deviation is    and 
the range is normalized to   ; in addition, the angle estimation error standard deviation is 
   (    
 ); (2) the TN accelerations on x and y axes are zero mean Gaussian random 
variables with the standard deviation of         
 ; (3) the time difference between 
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two neighboring measurements is 0.5s; (4) the TN speed on x axis is 1.5  /s and the 
target trace is determined by 
                    ,                                         (4.17) 
d and e are constants, and (x, y) is the TN position; (5) BNs appear in the position order 
of (0, 0), (500  , 0), (0, 500  ), (500  , 500  ) as shown in Figure 4.1, which means if 
there is one BN, it is at (0, 0), and if the second BN is available, it is at (500  , 0), etc.; 
and, (6) the localization accuracy of the two methods is compared in terms of CDF of the 
localization error [i.e.,              ,    is the distance between the true and 
estimated TN position and    ].  
In order to maintain simulations, we: (1) generate the TN true position using above 
assumptions; (2) use the true TN position,   ,    and BNs position to generate the 
measured range and angle; and (3) apply the two methods to the measured range and 
angle to localize the TN and repeat the localization process 100 times to calculate the 
localization error CDF. 
Here, we consider two scenarios to compare the two localization methods. In the first 
scenario, the TN is far away from the upper and lower edges of the dotted area in Figure 
4.1, and                            is used to generate TN trace. In this case, 
no divergence occurs in both methods (see Figure 4.3 (a)). In the second scenario, the TN 
may move closer to the upper and lower edges of the dotted area in Figure 4.1, and 
                           is used to generate TN trace. In this case, when two  
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Figure 4.3: Localization error with 4 BNs, (a)                ; (b)   
           . 
or more BNs are available, apparent divergence occurs in EKF (see Figure 4.3 (b)). 
Figure 4.4 compares the localization error CDF of localization methods based on EKF, 
fusion plus KF and direct fusion (the fusion part in fusion plus KF). There are 1, 2 and 4 
BNs in Figure 4.4(a), (b) and (c), respectively. Figure 4.4(a) depicts that with one BN, the 
performance of the methods based on EKF and fusion plus KF is almost the same and 
much better than that of the direct fusion. This simulation confirms our analysis on the 
single BN scenario; it also confirms that the KF does shrink the fused localization error.  
Figure 4.4 (b) and (c) depicts that converged EKF (        ) achieves the best 
performance, but the performance of diverged EKF (       ) is the worst. In addition,  
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Figure 4.4:  Comparison of localization error CDF with 1, 2 and 4 BNs. 
fusion plus KF performs better than direct fusion. The small difference of the TN trace 
parameter (       , and        ) does not affect the performance of fusion plus 
KF and direct fusion. But in the case        , divergence takes place in the EKF and 
generates considerable localization error. Figure 4.4 (b) shows that only about 30% of the 
localization error stays below a threshold of 3  . This number is in the order of 80% for 
Figure 4.4 (c). Though the localization performance is enhanced with two more BNs, but 
it is still too low in many applications to satisfy the requirement.  
Figure 4.5 compares the APCRLB’s of the two methods based on fusion plus KF and 
EKF. The comparison confirms that the performance of EKF is better than that of the 
fusion plus KF in the scenario that both KF and EKF converge.  
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Figure 4.5:  Comparison of APCRLB with 2 and 4 BNs. 
Figure 4.6 compares the computational complexity of the methods based on fusion plus 
KF and EKF. Here, we observe that the complexity of the EKF is much higher and 
increases faster than that of fusion plus KF. If there are 4 (5) BNs, the complexity of EKF 
would be about 5 (7) times of that of fusion plus KF. Hence, using fusion plus KF, we 
can localize higher number of TNs compared to using EKF if the processor capability is 
limited.  
Usually the cost of BNs used in ad-hoc network applications is higher than that of TNs. 
Thus, the number of BNs is kept as small as possible. In addition, their communication 
range limits the number of BNs that are capable of localizing a TN simultaneously. 
Moreover, the TN can be anywhere, e.g., a TN may be close to the line connecting two 
BNs. In these scenarios, we observe that EKF diverges, and localization error would be  
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Figure 4.6: Computational complexity comparison. 
high. However, fusion plus KF converges and achieves a reasonable performance. In 
addition, computational complexity of fusion plus KF is low. Therefore, applying fusion 
plus KF, we can localize more TNs compared to EKF, if the processor capability is 
limited. 
4.5 Conclusions 
We propose a stable, low complex localization method – fusion plus KF – and compare it 
with the localization method based on EKF. If the EKF converges, it performs better than 
the proposed method except in the scenario that only one BN is available, in which the 
two methods have almost the same performance. But if the EKF diverges, it performs 
poorly and its performance is much worse than that of the proposed method. In ad-hoc 
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networks, nodes can be anywhere, and the number of BNs localizing a TN 
simultaneously is limited; therefore, convergence cannot be guaranteed in an EKF. 
Hence, the proposed localization technique performs better than EKF in terms of stability 
(no divergence). In addition, the proposed method has very low computational 
complexity, which makes it a good candidate for localizing multiple TNs in MANETs. 
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Chapter 5 
Single Base Node LOS and NLOS Separation
5
 
This chapter introduces a LOS and NLOS separation technique based on the statistics of 
the phase difference of two received signals. The phase difference is achieved via a co-
installed synchronized two-receiver system. The variance of the phase difference is 
related to the wireless channels K-factor (the received signal power ratio of the stable part 
to the random part) to separate LOS and NLOS between one BN and one TN. The PDF 
of the received signal phase generated by NLOS component is theoretically derived. The 
variance of the phase difference is calculated using the derived PDF numerically and 
verified via simulations. The LOS and NLOS separation performance versus signal 
power ratio of LOS to NLOS is evaluated via simulations. 
5.1 Introduction 
In most localization methods based on TOA and (or) DOA measurement [9 – 11, 22 – 
27], LOS channel between TN and BNs is necessary to achieve reasonable localization 
performance. When the LOS between BNs and the TN is blocked by obstacles, the TOA 
and DOA measurement would involve with significant errors [30, 36], and therefore large 
localization error would be introduced if we use these traditional localization methods.  
                                                                    
5 © [2009] IEEE. Reprinted, with permission, from [IEEE DSP/SPE, A New Multi-Antenna Based LOS - 
NLOS Separation Technique, Z. Wang, W. Xu, and S. A. Zekavat]. See Appendix A for full permission. 
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If we identify that a signal is received from a NLOS channel, then we can minimize the 
localization error generated by NLOS signals using proper method, e.g., discarding the 
associated TOA and/or DOA if the LOS measurements are enough for implementing the 
localization [30]. Hence, discrimination between LOS and NLOS helps to improve the 
localization accuracy. 
Techniques proposed in the literature to identify NLOS signal include the method based 
on the root-mean-squared delay spread (RDS) of the received signals [32], and the test of 
the statistics of the measured range [29]. The method presented in [32] is only applicable 
to ultra-wideband (UWB) systems. It is not applicable to narrow or wideband systems, 
because the RDS cannot be properly estimated in these systems. The latency in the 
method presented in [29] is large: the full statistics of the estimated range should be 
achieved that requires considerable time.  
This chapter introduces a new LOS and NLOS separation technique that is based on the 
statistics of the phase difference of two signals received by a co-installed synchronized 
two-receiver system. The phase difference variance is calculated, and related to the 
wireless channel’s K-factor to separate LOS and NLOS between a BN and a TN. In 
NLOS condition, the phase difference variance is large and it decreases as LOS power 
increases from 0. In LOS only condition, the variance is zero. The separation technique 
can be easily applied to multi-input systems, e.g., WLPS [9]. 
This chapter derives the PDF of the received signal’s phase generated by NLOS 
component (including reflected signals and noise), calculates the phase difference 
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variance numerically; and, computes the phase difference variance in the condition that a 
strong LOS component is available. The derived PDF and phase difference variance are 
verified via simulations. In addition, the chapter proposes a measure for the reliability of 
the data and evaluates that measure via simulations. Finally, the probability of 
discriminating LOS and NLOS versus wireless channel K-factor is evaluated via 
simulations.  
5.2 Received Signal Model 
A co-installed synchronized two-receiver system shown in Figure 5.1 supports the 
proposed LOS and NLOS separation method. In this system, the two antennas are 
installed with fixed relative position, and they are located far enough from each other to 
maintain independent channels, and the two receivers share the same local oscillator. The  
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Figure 5.1: Synchronized two-receiver system. 
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far region scenario is assumed (the two receivers receive signals through wireless 
channels with the same power but different phases). The only difference between these 
receivers and smart antenna receivers is the phase calculator. Hence, the proposed  
structure can be easily implemented in smart antenna systems using the two outer antenna 
elements (they are far enough from each other to maintain channel independency). 
The LOS signal received by Receiver 1 is modeled as 
1 1 1
cos ' sin '.
LOS LOS LOSr x jy
A jA 
 
 
                                        (5.1) 
In (5.1), 1 cos 'LOSx A   is the real part and 1 sin 'LOSy A   is the imaginary part of the 
received signal at Receiver 1; A and '  are the received signal’s amplitude and phase, 
respectively. Considering the source is located very far from the receivers, the LOS 
signal received by Receiver 2 would have the same amplitude of A but different phase 
'' . The LOS signal received by Receiver 2 is modeled as 
2 2 2
cos '' sin ''.
LOS LOS LOSr x jy
A jA 
 
 
                                       (5.2) 
Here, the phase of the received signal at Receiver 2 is '' ' 2 cos /d      ; d is the 
distance between the two antennas; λ is the carrier wavelength; and, θ is the DOA of the 
received LOS signal (see Figure 5.2). In addition, 2 cos ''LOSx A   is the real part and 
2 sin ''LOSy A   is the imaginary part of the received signal at Receiver 2.  
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Figure 5.2: Signals’ phase difference at antennas 1 and 2. 
The NLOS signal (the summation of reflected signal and noise) can be modeled as 
Rayleigh random variable [79]; hence, the NLOS signal received by Receiver 1 is 
modeled as 
1 1 1NLOS NLOS NLOSr x jy  .                                               (5.3) 
In (5.3), 1NLOSx  and 1NLOSy  are independent zero mean Gaussian random variables with 
the same variance ( 2
1 ). In addition, we define 
2 2 2 2 2
1 1 1 1/ ( ) / 2NLOS NLOSK A E x y A     as the 
signal power ratio of LOS to NLOS (wireless channel’s K-factor); here, E(·) denotes 
expectation operation and A
2
 is the power of LOS signal. Similarly, the NLOS signal 
received by Receiver 2 is modeled as 
2 2 2NLOS NLOS NLOSr x jy  .                                             (5.4) 
Here, 2NLOSx and 2NLOSy are independent zero mean Gaussian random variables with the 
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same variance ( 2
2 ). We define 
2 2 2 2 2
2 2 2 2/ ( ) / 2NLOS NLOSK A E x y A    . Assuming antennas 1 
and 2 are located far from each other, 1NLOSx , 1NLOSy , 2NLOSx  and 2NLOSy  would be 
independent. Knowing that the two antennas receive the same signal power, 2 2 2
1 2    . 
Thus, 1 2K K K  .  
The total received signals at receivers 1 (r1) and 2 (r2) correspond to  
1 1 1
1 1
2 2 2
2 2
,
.
LOS NLOS
LOS NLOS
r x jy
r r
r x jy
r r
 
 
 
 
                                                 (5.5) 
5.3 Phase Difference Variance 
The phases of the signals received by receivers 1 and 2 ( ( )
1
in  and ( )2
in ) are calculated as 
 
 
( ) 1
1 1 1
( ) 1
2 2 2
tan / ,
tan / .
in
in
y x
y x






                                              (5.6) 
Assuming the phase of the local oscillator is o , the phase of the output signals of 
receivers 1 and 2 ( ( )
1
out  and ( )2
out ) would correspond to 
( ) ( )
1 1
( ) ( )
2 2
,  
.
out in
o
out in
o
  
  
 
 
                                               (5.7) 
The phase difference (  ) between the two output signals of receivers 1 and 2 is  
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( ) ( )
2 1
( ) ( )
2 1 .
out out
in in
  
 
  
 
                                                  (5.8) 
The received signal’s phase ( ( )
1
in ) at Receiver 1 includes two parts: (a) '  that is 
generated by the LOS component introduced in (5.1), and (b) 1  that is generated by 
the NLOS component. The relationship between these two components is shown in 
Figure 5.3, and  
( )
1 1'
in    .                                                   (5.9) 
 
Figure 5.3: Received signal phase at Receiver 1. 
Similarly,  
( )
2 2''
in    .                                                 (5.10) 
Here, ''  has been introduced in (5.2), and 2 is the phase shift generated by the NLOS 
component at Receiver 2. Incorporating (5.9) and (5.10) in (5.8), we achieve 
1
 
'  
 
x 
r1 
rNLOS1 
rLOS1 
y 
o 
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1
in  
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2 1( '' ') ( )          .                                     (5.11) 
Assuming the DOA of the LOS signal (θ) keeps unchanged, i.e., '' ' 2 cos /d       is 
a constant. The phase difference variance ( 2
  ) would be determined by 1  and 2 . 
The two antennas locate far from each other. Hence, the NLOS signals at receivers 1 and 
2 and accordingly 1  and 2  are assumed independent. 1  and 2  have the same 
variance, because the variance of i  (
2
i
  ), {1,2}i , is only a function of iK  (see 
(5.17) and (5.18)) and 1 2K K K  . If we calculate 1
2
  , then 2
2
   can be easily 
evaluated. 
The statistics of 1  is independent of the LOS signal phase ( ' ) (see Figure 5.3). 
Hence, in the process of calculating the PDF of 1 , we assume ' 0  . In this case, 
1LOSx A , 1 0LOSy   and 
( )
1 1
in    falls within ( , )  . Let B1 represent the amplitude 
of 1r  (calculated in (5.5)), then we have 
1 1
1 1
1 1
1 1
cos ,
0
sin .
NLOS
NLOS
x A x
B
y y
B


 
 
 
 
                                                 (5.12) 
Here, 1x  and 1y  are independent Gaussian random variables. 1x  follows the distribution of 
2( , )N A   and 1y  follows the distribution of 
2(0, )N  . In addition, 1  is a zero mean 
random variable. The joint distribution of 1x  and 1y corresponds to 
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1 1
2 2
1 1
, 1 1 2 2
( )1
( , ) exp
2 2
X Y
x A y
f x y
 
  
  
 
.                      (5.13) 
Considering (5.12), we calculate the joint distribution of 1B  and 1  using bivariate 
transformation 
1 1 1 1, 1 1 , 1 1 1 1 1 1
( , ) ( cos , sin ) ( , )B X Yf B f B B J B          .                (5.14) 
Where,  
1 1
1 1
1 1 1
1 1
1 1
( , )
x x
B
J B B
y y
B



 
 
  
 
 
.                                       (5.15) 
Incorporating (5.13) and (5.15) into (5.14) leads to 
1 1
2 2
1 1 1 1
, 1 1 2 2
2 cos
( , ) exp
2 2
B
B B A AB
f B


 

   
   
 
.                    (5.16) 
The marginal PDF of 1  corresponds to 
1 11 , 1 1 1
0
2 2 2
2 21 1
1 1 1 12
0
2
1 1 1
( ) ( , )
exp( sin / 2 )
exp[ ( cos ) / 2 ]
2
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cos exp( sin ) ( 2 cos ).
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Bf f B dB
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B B A dB
K K
K Q K
 
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 

  
 



  
 
    

       

       (5.17) 
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In (5.17), 
21
( ) exp( )
2 2
x
u
Q x du


  and K is the signal power ratio of LOS to NLOS 
(wireless channel’s K-factor). The variance of 1 corresponds to 
1
2 2
1 1 1( )f d



   

    .                                       (5.18) 
There is a Q function in 1( )f  ; hence, we numerically evaluate (5.18). 
In the extreme condition that there is no LOS component, K would be equal to 0, 
1 1NLOSr r  and 1  would be uniformly distributed between   and  . 2  and 1  are 
assumed independent and having the same variance. Hence, in this scenario, the variance 
of   reaches its upper bound of 
 1
2 2
,
2
2
2 / 3.
ub  

 

                                              (5.19) 
On the other hand, when a strong LOS component is available, K would be large (
1 1LOS NLOSx x , 1 1LOS NLOSy y , 2 2LOS NLOSx x  and 2 2LOS NLOSy y ). In this case, using 
Taylor expansion of (5.6) and ignoring higher order terms, ( )
1
in  and 
( )
2
in  are calculated 
and the phase difference ( ( ) ( )
2 1
in in     ) corresponds to 
1 1
2 2 1 1
2 2 1 1
[tan tan ]
[ cos '' cos '' cos ' cos '] / .
LOS LOS LOS LOS
NLOS NLOS NLOS NLOS
y x y x
y x y x A

   
   
   
          (5.20) 
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In (5.20), the first term, 1 1
2 2 1 1tan tanLOS LOS LOS LOSy x y x
  , is equal to 2 cos /d   , 
which is a constant assuming the LOS signal’s DOA keeps unchanged. Moreover, 1NLOSx , 
1NLOSy , 2NLOSx  and 2NLOSy  are assumed independent zero mean Gaussian random 
variables; hence, the second term in (5.20),
2 2 1 1[ cos '' cos '' cos ' cos '] /NLOS NLOS NLOS NLOSy x y x A      , is a zero mean Gaussian random 
variable. Thus, the variance of   corresponds to 
2 2 2
2 2 1 1
2 2
[( cos '' cos '' cos ' cos ') / ]
2 /
1/ .
NLOS NLOS NLOS NLOSE y x y x A
A
K
    

    


      (5.21) 
In the extreme condition that there is only a strong LOS signal, K   and 2 0  . 
Based on the two extreme cases of 0K   and K  , it is concluded that 2
   should 
vary between 0 and 22 / 3  as K changes from ∞ (LOS only) to 0 (NLOS only).  
5.4 Data Reliability and LOS and NLOS Separation 
Not all TOA and DOA estimation are reliable: when LOS component is not available, the 
estimated TOA is biased [36] and the estimated DOA includes large error [30]. In this 
case, the estimation would not be reliable. If a strong LOS component is available, the 
TOA and DOA estimation errors would be mainly determined by the received noise, and 
the estimation would be reliable. This is specifically important in the process of data 
(TOA-DOA) fusion in cooperative localization techniques [62]. If a measure of data 
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reliability is provided in TOA and/or DOA fusion, better performance would be achieved.  
In Section 3, we calculated the phase difference variance ( 2
  ). In NLOS only scenario, 
2
   reaches its upper bound (
22 / 3 ). As the signal power ratio of LOS to NLOS 
increases from 0 (no LOS), the phase difference variance decreases. When only LOS is 
available, the phase difference variance equals to 0. TOA and DOA estimation in the case 
of NLOS only are not reliable, while the one estimated in LOS only scenario is fully 
reliable. Hence, the measure of data reliability ( Re ) can be calculated as:  
2 2
,
2
,
ub
ub
Re
 

 

 


 .                                             (5.22) 
Here,  2 2
, 2 / 3ub    refers to the upper bound of 
2
  . According to (5.22), 0Re 
when there is no LOS component, which means that the data is not reliable; and, 1Re   
when there is only LOS component, which means that the data is fully reliable. This 
measure of reliability can be used in the fusion of TOA and/or DOA to assign fusion 
weights.  
In some applications, e.g., localization via joint TOA-DOA estimation [9], a threshold is 
needed to discriminate LOS and NLOS. In general, there are both LOS and NLOS 
components in the received signal, and the power ratio K can be any value between zero 
and infinity. Thus, there is not a clear threshold to separate LOS and NLOS. If power 
ratio K is used to separate LOS and NLOS, the threshold would depend on applications.  
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For example, we have a uniform linear antenna (ULA) array, and apply delay and sum 
[58] to estimate the received signal’s DOA. When the power ratio K is smaller than 1.5, 
the root mean squared error (RMSE) of the DOA estimation would be larger than 6.2º. 
While if K increases to 2.5, the DOA estimation RMSE would be 2.1º. DOA RMSE 
verses K simulation results are sketched in Figure 5.4. To sketch this figure, we assume 
the ULA array includes six elements; the distance between neighboring elements is λ/2; 
one sample is captured to calculate DOA (no averaging technique is applied to decrease 
the DOA estimation error). Based on this figure, there is always a threshold Kth, if K < 
Kth, as K decreases, the DOA estimation error increases fast; while if K > Kth, as K 
increases, the DOA estimation error decreases slowly. When the ULA array includes six 
elements, Kth = 2 can be considered as the threshold:  when K < Kth, large DOA 
estimation error is experienced and the received signal is considered as NLOS signal; 
while K ≥ Kth, small DOA error is achievable and the received signal is considered LOS 
signal.  
5.5 Simulation and Discussion  
In this section, we verify the derived PDF of the received signal’s phase generated by 
NLOS component and the calculated variance, and evaluate the performance of LOS and 
NLOS separation via simulations.  
Here, we assume: (1) transmitter and reflectors are located far from the co-installed 
120 
 
 
Figure 5.4: DOA estimation error vs. power ratio K. 
synchronized two-receiver system, receivers 1 and 2 receive signals with the same power 
and different phase from transmitter and reflectors; (2) there are twenty reflectors 
uniformly distributed around the two-receiver system (the DOA of NLOS signals is 
uniformly distributed between 0 and 2π), and the NLOS signal power is uniformly 
distributed across these paths; (3) the distance between the two receive antennas is 2λ; (4) 
a set of samples (e.g., 50 or 100) are captured to calculate the phase difference variance (
2
  ) as the two-receiver system moves; (5) the received signals’ power and DOA remain 
unchanged in the process of capturing these samples; (6) the threshold of the phase 
difference variance ( 2
,th ) is calculated at Kth= 2. If the calculated 
2
   is larger than 
2
,th , the signal is considered received through a NLOS channel; and if the calculated 
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2
   is smaller than or equal to 
2
,th , the received signal is considered coming through a 
LOS channel; and, (7) the LOS and NLOS separation performance is evaluated in terms 
of the probability of false alarm (Pf) given the power ratio K, i.e., ( | , )fP P NLOS LOS K ; 
and the probability of misdetection (Pm) given the power ratio K, i.e., 
( | , )mP P LOS NLOS K . 
Figure 5.5 depicts the consistency of the simulated and derived PDF’s of the received 
signal phase ( 1 ) generated by the NLOS component. The data used to calculate 1  is 
independently generated. When K = 0, there is only NLOS component and 1  is 
uniformly distributed between –π and π. As K increases, the phase generated by NLOS 
component tends to zero, which means the variance of 1  decreases. 
Figure 5.6 shows the consistency of the simulated and numerically calculated phase 
difference variances with respect to K. The phase difference variance decreases as K 
increases; the variance decreases fast from K = 0 to K = 2 and decreases slowly when K > 
2. When K = 0, the phase difference variance reaches its upper bound of 22 / 3 .When K 
is larger than 6, the phase difference variance is about equal to 1/K (see (5.21)). 
Figure 5.7 represents the simulated Pf and Pm. The pair of curves marked with circle are 
generated with independent samples. And the other three pairs of curves are generated 
with correlated samples captured as the two-receiver system moves; the spatial distance 
between neighboring samples is 0.1λ or λ.  Figure 5.7 depicts that: (1) the best separation 
performance (the lowest Pf and Pm) is achieved with samples generated independently;  
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Figure 5.5: Verification of 1( )f   with different K. 
the reason is that the true statistics of the phase difference is obtained when independent 
samples are captured. 2) The separation performance increases as the number of samples 
increases; that is as the number of samples increases, both Pf and Pm decrease (the 
calculated variance tends to its true value as more samples are captured); (3) the 
separation performance increases as the spatial distance between samples increases (the 
correlation between samples decreases); and (4) the method performs with small spatial 
distance between samples (e.g., 0.1λ) and small number of samples (e.g., 50).  
The spatial sampling distance can be very small (down to 0.1λ) and the number of 
samples can be very small (down to 50); hence, the latency in the proposed method is 
small. For example, at 2.4GHz, a TN with a speed of 10km per hour can be identified  
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Figure 5.6: Verification of phase difference variance ( 2
  ). 
having LOS or NLOS with BN in a distance of 0.625m (5λ), which corresponds to 0.225 
seconds. Using this method, we can identify LOS and NLOS very fast. 
In NLOS scenario, if there is a strong NLOS component, the received signal phase might 
be dominantly determined by the strong NLOS component. In addition, the strong NLOS 
component might be considered as LOS component. This is the shortcoming of the 
presented separation method. But this scenario does not happen frequently. In downtown 
area, the size of buildings is comparable and there is no dominant reflector; in rural area, 
there are only houses, trees and crops, but no large reflectors. Thus, the probability of 
NLOS being considered as LOS is low in downtown and rural area. While in hilly area, a 
hill may be a dominant reflector, the probability of NLOS is considered as LOS is high.  
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Figure 5.7: LOS and NLOS separation performance. 
5.6 Conclusions 
In this chapter, we presented a novel LOS and NLOS separation method, which is based 
on the received signals’ phase difference statistics. The presented separation method can 
be conveniently implemented in smart antenna systems; only two phase calculators are 
added to the receivers. The method only needs the received signals’ phase difference 
variance, it is applicable to narrow or wide band systems (e.g., cellular system). The 
latency of this system is small, because the required spatial sampling distance and the 
number of samples can be small.    
We theoretically derived the PDF of the received signal’s phase shift generated by NLOS 
component at one receiver and calculated the variance of the received signals’ phase 
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difference between two co-installed synchronized receivers. The derived PDF and 
calculated phase difference variance were verified via simulations. The LOS and NLOS 
separation performance were evaluated via simulation with respect to the number of 
paths, the number of samples and the sampling spatial distance. Simulations confirm the 
efficiency of the presented LOS and NLOS separation method. 
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Chapter 6 
Localization in NLOS Scenario
6
 
This chapter presents an Omni mobile (simple transceiver with Omni directional antenna) 
TN localization technique in NLOS scenarios based on TOA-DOA measurements. 
Moreover, we propose NLOS identification, shared reflectors determination and 
localization technique to support the NLOS TN localization. This chapter assumes BNs 
are equipped with antenna arrays and capable of TOA-DOA estimation. In addition, 
single bounce reflection NLOS channel between BNs and TNs is considered. In NLOS 
scenario, when there are three or more reflectors shared by a TN and multiple sets of 
BNs, the shared reflectors are localized via DOA fusion, and then the TN is localized via 
TOA fusion based on the shared reflectors localization. The equations for NLOS 
identification, shared reflectors determination and localization and NLOS TN localization 
are theoretically derived. Simulations are conducted to evaluate the efficiency of the 
proposed technique. Simulations show that the probability of LOS is taken as NLOS and 
the shared reflector is taken as non-shared reflector is low with a reasonable threshold, 
while the probability of NLOS is taken as LOS and the non-shared reflector is taken as 
shared reflector is slightly high; the NLOS TN localization accuracy is acceptable if the 
system coverage area is not too large and the DOA estimation error is small.  
                                                                    
6 © [2009] IEEE. Reprinted, with permission, from [IEEE Transactions on Mobile Computing, Omni-
Directional Mobile NLOS Identification and Localization via Multiple Cooperative Nodes, Z. Wang, and S. 
A. Zekavat]. See Appendix A for full permission. 
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6.1 Introduction 
In a real application, LOS channel between BNs and TNs may be available or blocked by 
obstructers. Thus, a localization system should consider both LOS localization and NLOS 
localization. Many localization technique have been designed for LOS application (LOS 
channel between BNs and TNs are assumed) [9-11, 22-27]. But only a few localization 
methods have been designed for NLOS application, i.e., using NLOS measurement to 
implement localization [38-40]. But their limitations are obvious: the signature mapping 
in [38] needs a RSS map of the application environment, which may be unavailable in 
some scenarios; the leveraging LPMD in [39] assumes the reflectors are either parallel or 
perpendicular to each other, this is not reasonable in an area with irregular distribution of 
buildings; and, the multiple lines crossing in [40] requires each node being equipped with 
antenna array, which are expensive and power consuming, it is not possible to install 
antenna array on TN if cost and power consumption are critical. 
In this chapter, we propose an Omni-directional TN localization technique that directly 
applies NLOS TOA-DOA measurements to the localization process. Here, only BNs are 
equipped with antenna arrays to estimate other nodes’ TOA and DOA; TNs are equipped 
with Omni-directional antennas (i.e., simple transceivers) and respond inquiring signals 
of BNs to support the TOA-DOA measurements at BNs. Hence, if the system includes a 
large number of TNs and a small number of BNs, the cost would not be high, and TNs 
consume much less power than BNs. The method would be applicable in an ad-hoc 
network, where cost and power consumption are critical. In addition, it is assumed that 
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either LOS or single bouncing reflection NLOS channel is available between BNs and 
TNs. We also propose NLOS identification between multiple BNs and a TN, shared 
reflectors determination and localization techniques to support NLOS TN localization. 
The equations for NLOS identification, shared reflectors determination and localization, 
and NLOS TN localization are theoretically derived. Simulations are conducted to 
evaluate the performance of NLOS identification and shared reflectors determination in 
terms of false alarm and miss detection, and the NLOS TN localization accuracy in terms 
of localization circular error CDF.   
6.2 System Model and Problem Definition 
The localization system is composed of two categories of nodes, BNs and TNs, as shown 
in Figure 6.1. BNs are equipped with antenna arrays and capable of estimating other 
nodes’ TOA and DOA. In addition, BNs DOA measurements are made with respect to a 
reference direction, e.g., with respect to the east. TNs are simple transceivers equipped 
with Omni-directional antennas responding inquiring signals of BNs to support TOA-
DOA measurements. BNs position is known or computed using LOS localization method 
presented in Chapter 2 or NLOS localization method presented in [40]. The wireless 
channel between BNs and TNs is assumed to be LOS or single bounce reflection NLOS. 
Here, we reasonably assume that signals that go through multiple bounces are weaker 
than single bounce signals; thus, they are ignorable. This assumption is typically fare for 
urban areas [80]. Practically, we can design our receiver such that it only considers 
signals received with power larger than a specific threshold for this problem. Finding the 
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threshold at the receiver to resolve single bounce signals from multiple bounce with a 
high probability-of-detection and low probability-of-false-alarm is a problem that will be 
addressed in our future works.  
 
Figure 6.1: NLOS localization system model. 
Considering a TOA-DOA based localization, Figure 6.2 summarizes all the TNs 
localization scenarios. A TN may be localized by only one BN or multiple BNs due to the 
communication range limitation and shadowing effect. When a TN is localized by 
multiple BNs, there are two sub-scenarios: 1) There are two or more LOS BNs; and, 2) 
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There is one or no LOS BN. 
This chapter addresses the localization problem in the second sub-scenario: TNs 
localization with multiple BNs but there is one or no LOS BN (highlighted in Figure 6.2).  
 
Figure 6.2: TN localization categorization. 
When a TN is localized by multiple LOS BNs, the multi-node TOA-DOA fusion 
presented in Chapter 2 can be applied. In addition, when a TN is localized by only one 
BN, the set of TOA-DOA measurement that possesses the smallest TOA would be used 
to estimate the TN position [9], and the LOS-NLOS separation technique based on phase 
difference variance presented in Chapter 5 can be applied to generate a reliability 
parameter, which indicates how much we can depend on the estimation.  
Here, we design a NLOS Omni-directional TN localization technique directly using the 
NLOS measurements achieved at BNs when multiple BNs localize a TN simultaneously 
and there is one or no LOS BN. It needs at least three reflectors to be shared by the TN and 
Target node 
localization 
Localized by only one 
base node 
Localized by multiple 
base nodes 
Two or more LOS base 
nodes 
One or no LOS base 
node 
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multiple sets of BNs (each set includes two or more BNs). These reflectors can be localized 
by BNs via DOA fusion. The TN is localized via TOA fusion based on the shared 
reflectors’ localization.  
In the process of localizing reflectors, it should be known which set of BNs are sharing a 
reflector. Accordingly, we present a method to find the set of BNs that share a reflector. 
Here, we assume that the DOA resolution is high enough to resolve the signals received by 
BNs from different reflectors. When multiple BNs engage in the localization of a TN, they 
should decide which localization method should be applied (e.g., the LOS localization 
method presented in Chapter 2 and the proposed NLOS localization method). In order to do 
so, they should identify whether the LOS channel between TN and BNs is detectable. 
Accordingly, the first step is NLOS identification between BNs and TN. 
6.3 Localization in NLOS Scenario  
Based on the discussion in subsection 6.2, the NLOS TN localization technique includes 
four steps: (a) NLOS identification; (b) shared reflectors determination; (c) shared 
reflectors localization; and, (d) TN localization. Here, it is more convenient to first present 
steps (c) and (d) (see subsections 6.3.1 and 6.3.2), and then use the results to present steps 
(a) and (b) (see subsections 6.3.3 and 6.3.4). The theoretical results developed for shared 
reflectors localization are applied for NLOS identification and shared reflectors 
determination. The TOA and DOA measurement errors are assumed to be independent 
zero mean Gaussian random variables with the variances of   
  (the corresponding range 
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measurement error variance is   
      
 , where c is the wave propagation speed) and   
 , 
respectively. 
6.3.1 Shared Reflectors Localization  
The simplified system model for BNs i and l, TN j, reflectors k and m is shown in Figure 
6.3. Here, the signal transmitted from TN j can arrive at BNs i and l through reflector k or 
reflector m, i.e., the reflector k (m) is shared by BNs i and l. At BNs i and l, we obtain 
two sets of measurements (    
      
     
     
) and (    
     
     
      
) due to the reflector k. 
The superscript         indicates that the range and angle are measured at a BN (B), 
through a reflector (R), and the source is a TN (T); the three subscript digits are the 
corresponding index of the superscript. For example,      
     
 is the distance measured at 
the BN l, through the reflector k, and the source is the TN j.  
Based on Figure 6.3, we have  
    
          
        
       
    
        
        
       
    
          
       
    
      
    
    
.                                                   (6.1) 
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Figure 6.3: Reflector and TN localization. 
Here, the superscript (B, R) indicates that the range or direction is for the reflector with 
respect to BN; the superscript (R, T) indicates that the range is for the TN with respect to 
the reflector; in addition, the first subscript digit is the index of the first superscript letter 
and the second digit is the index of the second superscript letter, e.g.,    
    
 corresponds 
to the range between reflector k and TN j.  
We have BNs position and we have computed the DOA’s of reflector k with respect to 
BNs i and l. Using the positions of BNs i (  
     
   
     
  and l (  
     
   
     
   and the 
measurement of reflector k’s angles (   
    
 and    
    
) with respect to the two BNs, we 
can localize reflector k at (  
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) via DOA fusion. The superscript (t) indicates the 
Reflector k 
X 
Y 
Y 
X 
   
    
 
   Tj 
Oi 
Ol 
   
    
 
   
     
 
   
     
 
   
    
 
   
    
 
   
    
 
   
    
 
   
    
 
   
    
 Reflector m 
  Ck 
 
Cm 
135 
 
true value. Assuming the reflector k’s true position is (  
     
   
     
), we have  
   
             
  
     
   
     
  
     
   
      
   
       
      
  
     
   
     
  
     
   
      
                                          (6.2) 
It should be noted that we use a pair of DOA’s (   
       
 and    
      
) in (6.2), which are 
all coming from the shared reflector k. The approach for determining this pair of DOA’s 
(that are computed based on signals coming from a shared reflector) would be introduced 
in subsection 6.3.4. Considering (6.1), and replacing the true values in (6.2) with the 
measured DOA values (i.e.,    
    
 and    
    
), we have 
   
           
      
          
  
   
   
     
  
   
   
      
   
     
      
   
  
   
       
  
   
   
     
  
   
   
      
                                (6.3) 
Using extended Kalman filter (EKF) or iterative linearization method [10], we can 
calculate the position of reflector k (  
   
,   
   
) from (6.3). Using the same method, we 
can calculate other shared reflectors’ position, e.g., reflectors m, k, and 1 in Figure 6.1. 
The positions of these reflectors would be used for localizing TN j. We should mention 
that the reflector should be shared by at least two BNs in order to be localized.   
Applying iterative linearization method to (6.3), the approximated localization error 
would be [28]     
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             .                                            (6.4) 
In (6.4),    
   
 is the reflector k’s localization error and    
   
     
   
    
   
  ; 
   
        
        
  is the error transformation matrix,      
      
   
   
   
 
  
 
   ,      
      
   
  
   
 
  
 
   ,      
      
   
  
   
 
  
 
    and       
      
   
  
   
 
  
 
   ; and,         
    
    
      , 
    
    
 (    
    
) is the measurement error of the DOA of reflector k with respect to BN i 
(l). The corresponding reflector localization error covariance matrix is [28]  
      
                              .                        (6.5) 
Defining          
    , the shared reflector’s localization error variance on x and y 
axes and the error covariance would be 
 
  
   
           
 
  
   
           
       
      
            .                                       (6.6) 
6.3.2 Targe Node Localization 
Assuming the BNs position is known, and the location of shared reflectors has been 
calculated, the distance between the shared reflector (e.g., reflector k) and BNs (e.g., BN 
i) corresponds to 
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       .                  (6.7) 
The approximated error of the distance between the shared reflector k and BN i is 
calculated using Taylor series’ first order terms, which is  
    
     
  
   
   
     
   
       
    
  
   
   
     
   
       
   
.                         (6.8) 
The corresponding error variance of     
    
 is  
 
   
    
   
  
        
     
   
      
 
 
 
  
   
   
  
        
     
   
       
 
 
 
  
   
   
  
  
     
   
     
   
       
  
     
   
     
   
              
      
    .                         (6.9) 
In (6.9),  
  
   
 ,  
  
   
  and        
      
     are defined in (6.6). Considering (6.1), when a 
shared reflector k is localized and the distances between reflector k and the two BNs i and 
l are calculated, we achieve two estimations of the distance between the shared reflector k 
and the TN j, i.e.,     
          
     
 and     
         
    
, and assuming the same error 
variances across the TN l and i, a better estimation is calculated that corresponds to 
   
     
 
     
     
    
    
       
     
    
    
 
 
.                              (6.10) 
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The errors in     
      
,     
     
,    
    
 and    
     
 are assumed to be independent and 
identically distributed zero mean Gaussian random variables. In addition, the error 
variance of     
     
 and     
      is   
  and the error variance of     
    
 and    
    
 can be 
calculated using (6.9). Accordingly, the error variance of    
     
 corresponds to 
 
   
    
  
    
   
 
  
    
   
   
    
  
 
.                                       (6.11) 
If there are three or more shared reflectors for a TN, then we can obtain multiple distance 
estimations from the TN to these shared reflectors (   
    
,    
    
, ,    
    
), K is the 
number of reflectors shared by TN j and K sets of BNs. In addition, we have localized 
these shared reflectors via DOA fusion. Therefore, TN can be localized at (  
   
,   
   
) via 
TOA (range) fusion. Assuming the TN is at (  
     
,   
     
), the shared reflectors’ true 
positions are (  
     
,   
     
), (  
     
,   
     
),  , (  
     
,   
     
), and the true distances 
between the TN and shared reflectors are    
      
,    
      
, ,    
      
, we have  
   
             
        
           
        
      
 
    
        
      
 
 
   
             
        
           
        
      
 
    
        
      
 
 
 
   
      
      
        
           
        
           
        
        
        (6.12) 
Using shared reflectors’ positions [(  
   
,   
   
), (  
   
,   
   
), , (  
   
,   
   
)] calculated in 
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subsection 6.3.1 and the calculated distances between shared reflectors and the TN j 
(   
    
,    
     
, ,    
     
) to take the places of the corresponding true values in (6.12) and 
solve it using EKF or iterative linearization method [10], we can calculate the TN 
position (  
   
,   
   
).  
If we apply iterative linearization method to calculate TN j’s position, the localization 
error (   
   
    
        
        is calculated as [10]  
   
   
              
    
                                     (6.13) 
In (6.13),    
    
      
         
         
        and    
        
  
      
 . In 
addition,     
    
,      , is the error of the range between the shared reflector k and 
TN j, whose variance is calculated in (6.11); in  ,     
      
   
  
   
 
   
     and     
      
   
  
   
 
   
   . The localization error covariance matrix corresponds to 
         
                      
                                 (6.14) 
In (6.14),        
                
    
  
   
    
   
   
    
 
  assuming the calculated 
distances between shared reflectors and the TN j are independent, i.e.,    
     
,    
    
, …, 
   
     
 are independent.  
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6.3.3 NLOS Identification 
In subsections 6.3.1 and 6.3.2, we applied multiple NLOS measurements coming from 
the shared reflectors achieved at multiple BNs to localize the shared reflectors and then 
localize the TN. However, when these TOA-DOA measurements are achieved at BNs, 
we do not know which measurements are associated to LOS channel and which 
measurements are associated to NLOS channel. In addition, we do not know which sets 
of measurements are associated to the same shared reflector. The NLOS identification 
between BNs and TN is discussed in this subsection, and the shared reflectors 
determination would be discussed in the next subsection 6.3.4.   
When multiple (N) BNs localize a TN simultaneously, at each BN n (1 ≤ n ≤ N), we 
achieve    (the number of separable reflectors saw by BN n) sets of NLOS TOA-DOA 
measurements and 1 set of LOS TOA-DOA measurement, if LOS is available. The 
measurement set with the smallest TOA is selected at each BN n and marked as 
(   
        
     
). Therefore, we achieve N sets of measurements, i.e., (   
        
    
), , 
(    
        
     
),  , (    
         
    
). For example, in Figure 6.4, (    
         
    
), 
(   
        
     
), (    
           
      
), (    
          
      
) and (    
           
     
) would be 
selected and marked as (   
         
    
), (   
         
    
), (   
        
    
), (   
        
    
) and 
(   
        
     
), respectively.  
Using these N sets of measurements, we can achieve N estimations of the TN position  
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Figure 6.4: NLOS identification and shared reflector determination. 
   
       
            
        
       
     
   
    
            
        
     
,      .                (6.15) 
The corresponding localization errors are assume to be zero mean Gaussian random 
variables and their variances are calculated as 
 
    
   
    
         
          
     
        
 
        
         
  
    
   
    
         
          
     
       
 
        
       .                  (6.16) 
We calculate the difference between two estimations coming from two BNs o and p, and 
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obtain  
    
       
       
     
     
        
        
   
.                                              (6.17) 
If the two BNs o and p are in LOS of the TN j, (e.g.,    ,    , BNs 2 and 3 are both 
in LOS of the TN j in Figure 6.4), the two TN position estimations would be close to the 
true TN position. Mathematically,    
      
          
   
,     
      
           
   
,    
    
  
          
   
 and     
      
           
   
. Here,      
         
     and      
         
     are the 
TN j’s localization errors achieved by BNs o and p, respectively. Applying these four 
equations to (6.17), we have 
    
        
        
     
     
         
         
   
.                                           (6.18) 
In (6.18), (    
   
,      
   
) and (    
   
,      
   
) are the TN localization errors, and assumed 
to be zero mean Gaussian random variables.  
When one or none of the two selected BNs is in the LOS of the TN j, the TN j’s position 
estimation made by the NLOS BN would have a large error. All the three categories of 
examples are shown in Figure 6.4:  
1)  One BN (e.g.,    ) is in the LOS of TN and estimates the TN close to point Tj, 
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i.e.,    
      
          
   
,     
      
           
   
; and, the other BN (e.g.,    ) 
is in the NLOS of TN and estimates the TN close to point C2, i.e.,     
       
      
    
   
 and     
       
           
   
. There is a large distance between the points Tj 
and C2, i.e.,    
         
      
 
    
         
      
 
  . 
2)  The two BNs are both in the NLOS of TN and they share the same reflector. For 
example,    ,    , BNs   and   share reflector k. BN   estimates the TN 
close to point C6, i.e.,    
       
          
   
,     
       
           
   
; and BN p 
estimates the TN close to point C2, i.e.,     
       
          
   
 and     
       
      
     
   
. Figure 6.4 shows that     
         
      
 
     
         
      
 
  . 
3)  The two BNs are both in the NLOS of the TN and they do not share reflector. For 
example,    ,    , BNs   and   do not share any reflector. BN   estimates 
the TN close to point C6, i.e.,    
       
          
   
,     
       
           
   
; and, 
BN   estimates the TN close to point C7, i.e.,    
       
          
   
,     
    
   
           
     Figure 6.4 shows that      
         
      
 
     
         
      
 
 
 .  
In the above three scenarios, (    
   
,      
   
) and (    
   
,      
   
) are localization errors of 
the TN (e.g.,    ) or the image of the target node due to reflectors (e.g.,    ), and 
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they are assumed to be zero mean Gaussian random variables. Therefore, when one or 
none of the two BNs is in the LOS of the TN j, in general, there is a large difference 
between the two TN location estimations. Considering (6.17) and the equations in the 
above three scenarios, we get 
    
               
        
     
     
                
         
   
.                                   (6.19) 
In (6.19),       
        
    is the distance between the two estimations of the TN 
position achieved by BNs o and p. When one BN is in the LOS of the TN and one BN is 
in the NLOS of the TN, it is the distance between the true TN position and the image of 
the TN due to the reflector; and, when two BNs are both in the NLOS of the TN, it is the 
distance of the two images of the TN due to the reflector(s). Because 
       
        
     thus, one or both of        and        are not zero. In 
addition,        and        are determined by the geometrical distribution of the two 
BNs, the TN and the reflector(s).  
Comparing (6.18) and (6.19), we obtain: (1) in LOS case (both selected BNs are in the 
LOS of the TN), the differences between the two estimations of the TN position (    
   
 
and      
   
) are zero mean Gaussian random variables; and, (2) in NLOS case (one or 
none of the two selected BNs is in LOS of the TN), at least one of     
   
 and      
   
 is non 
zero mean Gaussian random variable. In addition, the variance of     
   
 (     
   
) can be 
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calculated using the summation of the variances of     
   
 and     
   
 (     
   
 and      
   
), 
assuming the two BNs localize the TN independently. Thus, the difference between the 
two estimations of the TN position can be applied to identify NLOS between two BNs 
and TN: If      
        
            
   
   
    
   
  and       
        
            
   
   
    
   
 , 
the two selected BNs would be in the LOS of the TN; otherwise, only one or none of the 
two selected BNs is in the LOS of the TN. Here,     refers to the absolute value; α is a 
positive number determined by the tradeoff between false alarm (LOS is taken as NLOS) 
and miss-detection (NLOS is taken as LOS). Because     
   
,     
   
,      
   
 and      
   
 are 
assumed to be independent zero mean Gaussian random variables; thus, α can be 
theoretically calculated given a probability of false alarm. For example, if we make the 
probability of the false alarm equal to 0.3% [i.e.,                  , according to 
the Gaussian distribution, α would be 3.  
It should be noted that there is a special scenario, in which the two BNs do not share a 
reflector, but the position of the images of the TN due to the two reflectors are close to 
each other. In this case, NLOS scenario would be taken as LOS scenario. But this 
scenario takes place with small probability. 
According to the above discussions, the limitation of this method is that it can only 
discriminate two scenarios: (a) two or more BNs are in the LOS of a TN; and, (b) one or 
no BN is in the LOS of a TN. When multiple NLOS BNs and a LOS BN localize a TN 
simultaneously, the proposed identification technique assumes NLOS and applies NLOS 
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localization method presented in subsections 6.3.1 and 6.3.2 to localize the TN. The 
simulations in subsection 6.4 show that the localization accuracy with one LOS BN is 
much better than that with multiple (e.g., four or five) shared reflectors. How to 
discriminate the two scenarios: there is only one LOS BN and there is no LOS BN, forms 
the future work of this chapter.   
6.3.4 Shared Reflectors Determination 
Sets of TOA-DOA measurements obtained through shared reflectors computed by 
multiple BNs are applied to the proposed NLOS TN localization method. In this sub-
section, we present how to find the shared reflectors based on NLOS identification. 
In NLOS scenarios, each BN i may compute    (the number of separable reflectors 
observed by BN i) sets of NLOS TOA-DOA measurements. The DOA resolution and 
reflector distribution with respect to the BN and TN determine the number of separable 
reflectors. From the    sets of measurements, we select one set of TOA-DOA 
measurement, e.g., (    
      
     
      
), k is the index of reflector; and, from the    sets of 
measurements achieved at another BN l that localizes the same TN j, we select 
(    
      
     
     
), m is the index of reflector. Then, we fuse the two selected DOA 
measurements     
      
 and     
      
 to find a point (   
   
      
   
), and compute the distances 
(   
    
 and    
    
) between the calculated point (   
   
      
   
) and the two selected BNs 
position. Then, we calculate the differences between the calculated distances (   
    
 and 
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) and the selected range measurements (    
     
 and     
      
), and achieve 
  
         
          
      
  
          
          
                                               (6.20) 
In (6.20), the variances of    
    
 and    
    
 can be calculated using (6.9), and the 
variance of     
     
 and     
     
 is   
 . 
If the two selected sets of measurements are coming from the same reflector (e.g., both 
    
      
 and     
     
 come from reflector k in Figure 6.4), i.e.,    , the point 
(   
   
      
   
) obtained by DOA fusion would be the estimation of the shared reflector’s 
position. The range differences (  
     
 and   
    
) computed in (6.20) would be two 
estimations of the distance between the shared reflector and TN j. Assuming the shared 
reflector’s localization error is zero mean, the mean of the two estimations (  
    
 and 
  
     
) would be the distance between the shared reflector and TN j, and we obtain  
    
          
            .                               (6.21) 
In (6.21),      is the true distance between reflector k and TN j as shown in Figure 6.4. 
But if the two selected measurement sets come from different reflectors, i.e.,    , 
(e.g.,     
     
 comes from reflector k and     
      
 comes from reflector m in Figure 6.4), 
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The range differences (  
     
 and   
    
) achieved in (6.20) would have different mean, 
i.e.,  
    
          
     .                                           (6.22) 
In general, there is an obvious difference between     
      and     
     . But there is a 
special scenario for non-shared reflectors, in which the two selected measurement sets 
come from different reflectors, but the distances from the calculated point (   
   
     
   
) to 
BNs i and l (i.e.,    
    
 and    
    
) satisfy  
    
         
         
         
    
.                               (6.23) 
In this case, we may mistakenly take the calculated point (   
   
      
   
) as the shared 
reflector’s position. But this scenario takes place with a small probability.   
A special scenario for shared reflector should be noted [40], in which, the included angle 
between the two lines connecting the shared reflector and BNs i and l is small (e.g., less 
than a threshold    ), in other words, the selected DOAs satisfy one of the following 
three in-equations 
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 .                                    (6.24) 
In this case, the localization error generated by DOA fusion is large and the two selected 
measurement sets are considered not sharing a reflector. The value of     is determined 
by the tradeoff between localization error of the shared reflectors and the probability of 
localizing TN. As the value of     increases, the shared reflectors localization accuracy 
would be enhanced, but the probability of achieving three or more qualified shared 
reflectors decreases, because the number of shared reflectors is limited in a real 
application.  
Summarizing the above analysis, the following shared reflectors determination algorithm 
is deductable: 
1) Select two sets of TOA-DOA measurements from the NLOS measurements of 
two different BNs i and l, and (    
      
     
     
) and (    
     
     
      
) are 
achieved;   
2) If the selected DOAs do not satisfy any in-equation in (6.24), go to Step 3; 
otherwise, select a new pair of NLOS measurement sets achieved by different 
BNs and return to Step 2; 
3) Fuse     
     
 and     
     
 to find a point (    
   
      
   
) and calculate the 
corresponding localization error variances ( 
    
   
 ,  
    
   
 ); 
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4) Calculate the distances (   
     
 and    
     
) between the point (   
   
      
   
) and the 
positions of BNs i and l  using (6.7) and the corresponding ranging variances 
( 
   
    
  and  
   
    
 ) using (6.9);  
5) If     
          
     
 or     
         
    
 (based on the in-equation part of (6.21)), 
select a new pair of NLOS measurement sets collected by different BNs and go to 
Step 2; otherwise, go to Step 6; 
6) If       
          
            
          
             
   
   
    
   
   
    
  (based 
on the equation part of (6.21) and (6.22)), a shared reflector is found and it is 
localized at (   
   
      
   
); otherwise, select a new pair of NLOS measurement sets 
attained by different BNs and repeat steps 2 to 6.  
In Step 6,   is a positive number determined by the tradeoff between false alarm and miss 
detection. The ranging errors in     
     
 and     
      
 are assumed to be independent and 
identically distributed (i.i.d.) zero mean Gaussian random variables with variance of   
 . 
The errors in    
    
 and    
     
 are assumed to be independent zero mean Gaussian 
random variables (see (6.8)) with variances calculated using (6.9). In addition, the errors 
in     
      
,     
      
,    
     
 and    
    
 are assumed to be independent. Hence, the value of 
  can be theoretically calculated given a probability of miss detection [P(non-shared 
reflector/shared reflector)]. For example, if we set P(non-shared reflector/shared 
reflector) = 0.3%, according to the Gaussian distribution,   would be equal to 3.    
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It should be noted that each NLOS BN i computes    sets of NLOS TOA-DOA 
measurements. For each combination of the two sets of NLOS measurements from 
different BNs, the above determination processes would be implemented once. Therefore, 
in the worst case scenario, the above determination processes would be repeated 
                  (the number of combinations including two sets of NLOS 
measurements from different BNs) times. Here,   is the number of BNs that localize the 
TN j simultaneously;    (  ) is the number of NLOS measurement sets achieved by BN i 
(l).  
For example, if we have four BNs 1, 2, 3 and 4, and they find 2, 3, 4 and 5 sets of NLOS 
measurements, respectively,  (i.e.,     ,     ,      and     ), and there are 
only two BNs sharing a reflector. In the worst case, the shared reflector would be 
determined after                                  repetitions of the 
above determination process.   
6.4 Simulations 
Simulations are conducted to evaluate the performance of the proposed NLOS 
identification and shared reflectors determination in terms of flase alarm and miss 
detection, and the NLOS TN localization accuracy in terms of localization error CDF. 
Simulation assumptions include: (1) 10,000 sets of positions of BNs, TN and reflectors 
with random geometrical distribution are generated to calculate the probability of false 
alarm and miss-detection, and the CDF of the TNs localization error; (2) BNs position is 
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computed without error; (3) range estimation error standard deviation is 1m, and angle 
estimation error standard deviation is 1º or 2º; (4) all nodes are uniformally distributed in 
an area with corners (-d, -d), (-d, d), (d, d) and (d, -d), d       for Figures 6.5 and 6.7, 
and        for Figure 6.6; (5) In the shared reflectors determination process, we set 
      
  to compare the performance of the proposed method to that of the NLOS 
localizaiton method presented in [40] (we call it crossing method); and, (6) miss-
detection occures when NLOS is mistakenly categourized as LOS (shared reflector is 
taken as non-shared reflector), and false alarm occurs when LOS is mistakenly 
categourized as NLOS (non-shared reflector is taken as shared reflector). 
Figure 6.5 shows the probability of the miss-detection and flase alarm of the proposed 
NLOS identification and shared reflectors determination with respect to parameter α (x 
axis) and DOA estimaiton error standard deviaiton   . In Figure 6.5, we observe that the 
probability of the miss detection of NLOS identification (NLOS  LOS) and the false 
alarm of shared reflector determination (non-shared  shared reflector) is much higher 
than the theoretical value (0.3%) when    . The reason is that we assume BNs, TNs 
and reflectors are uniformally distributed in the area, and their size is not cinsidered, BNs 
and TNs may be closely located, and reflectors may be located close to the line 
connecting BN and TN or close to BN or TN. In these cases, the NLOS may considered 
as LOS and non-shared reflectors may be considered as shared reflectors. But these 
scenarios do not occur in real applications for the size of obstructors. In addition, when 
the included angle between the two lines connecting the shared reflector and BNs i and l 
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is smaller than the threshold    , the shared reflector is considered as non-shred reflector. 
The probability of the false alarm of NLOS identificaton (LOS  NLOS) and the miss 
detection of shared reflector determinaiton (shared  non-shared reflector) does not 
change considerable as the DOA error standard deviation,   , increases from  
  to   . 
However, the probability of the miss detection of NLOS identification (NLOS  LOS) 
and the false alarm of shared reflector determination (non-shared  shared reflector) 
increases as    increases from  
  to   . The reason is that when    increases, the 
localization error increases, and therefore the threshold for NLOS identification 
(       
   
   
    
   
 ) and the threshold for shared reflectors determination 
 
Figure 6.5: Miss-detection and false alarm for NLOS identification and shared reflectors 
determination with        ,     
  and     
 . 
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 (     
   
   
    
   
   
    
 ) increases. Thus, more NLOS is taken as LOS, and more 
non-shared reflectors are taken as shared reflectors. In real applications,   and     should 
be carefully selected based on the consideration mainly on the miss detection of NLOS 
identification and the false alarm of shared reflectors determination, because the false 
alarm of NLOS identification and the miss detection of shared reflectors determination 
are relative low and not affected by the DOA estimation error too much as shown in 
Figure 6.5.  
Figures 6.6 and 6.7 represent the CDF of the TN localization circular error (the distance 
between the estimatmated and true TNs position) of the proposed NLOS localization 
method with 3, 4 and 5 shared reflectors. The results are compared with the crossing 
NLOS localizaiotn method presented in [40] with 2, 3, and 4 reflectors. The comparison 
results confirm that the localization accuracy of the crossing method is better than that of 
the proposed method with the same number of reflectors. The performance of the 
proposed method with 5 shared reflectors is comparable to that of the crossing method 
with 2 reflectors (the two black curves in Figures 6.6 and 6.7). But one important point 
should be noted, in the crossing method, all nodes need to be equipped with antenna 
arrays. Antanna array is expensive and costs more power than Omni directional antenna 
system. It is not implementable in many applications, in which cost and power 
consumption are critical and the number of TNs is large.  
The performance of the proposed NLOS localization technique is acceptable, especially 
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in the case that the network coverage area is not large, the DOA estimation error is small 
and there are enough shared reflectors. For example, when       , with 4 shared  
 
(a) 
 
(b) 
Figure 6.6: Target node localization error CDF, d = 50  , (a)     
 , (b)     
 . 
0 5 10 15 20 25
0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1
r/
R
L
o
c
a
liz
a
ti
o
n
 e
rr
o
r 
C
D
F
 
 
LOS, joint TOA-DOA
4 reflectors, crossing
3 reflectors, crossing
2 reflectors, crossing
5 reflectors, proposed
4 reflectors, proposed
3 reflectors, proposed
0 5 10 15 20 25
0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1
r/
R
L
o
c
a
liz
a
ti
o
n
 e
rr
o
r 
C
D
F
 
 
LOS, joint TOA-DOA
4 reflectors, crossing
3 reflectors, crossing
2 reflectors, crossing
5 reflectors, proposed
4 reflectors, proposed
3 reflectors, proposed
156 
 
reflectors,                , and with 5 shared reflectors,               . The 
reason is that the shared reflectors’ localization error via DOA fusion is transformed to  
 
(a) 
 
(b) 
Figure 6.7: Target node localization error CDF, d = 100  , (a)     
 , (b)     
 . 
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the TN localization error, and DOA fusion error increases as the the network coverage 
area and DOA estimation error increase. Comparing the simulation resulsts in Figures 6.6 
and 6.7 also confirms that as the DOA estimation error increases the impact of adding 
more reflectors on the performance decreases. This result is due to the fact that higher 
DOA estimation error reduces the capability of the BN to resolve one refelector from the 
other. It should be noted that in many DOA estimation techniques, DOA performance 
decreases as the number of reflection increases. Thus, it is anticipated that while higher 
number of reflectors improve the performance of this technique; however, the reduced 
performance of DOA estimation technique may inversely impact the performance of the 
proposed technique.   
6.5 Conclusions 
In this chapter, we presented an Omni directional TN NLOS identification and 
localizaion scheme. In this scheme, mulbiple BNs cooperate to identify NLOS between 
BNs and TN, and then in NLOS case, NLOS measurements are directly used to localize 
the TN. We also presented a shared reflector determination and localization method to 
support the NLOS identificaiton and NLOS TN localization. The equations for NLOS 
identification, shared reflector determination and localization, and NLOS TN localization 
were derived. Simulations were conducted to verify the efficiency of the proposed NLOS 
localization approach. Simulations depict that the probability of LOS being taken as 
NLOS and shared reflector being taken as non-shared reflector is low with a reasonable 
threshold, while the probability of NLOS being taken as LOS and non-shared reflector 
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being taken as shared reflector is slightly high due to the simulation setup (the size of 
obsters is not considered); the NLOS TN localization accuracy increases as the DOA 
estimation error and/or the system coverage area decreases, and the number of shared 
reflectors increases, it is acceptable if the system coverage area is not too large, the DOA 
estimation error is small and there are enough shared reflectors.  
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Chapter 7 
Conclusions and Open Problems 
This dissertation investigates techniques of improving the accuracy and the reliability of 
cooperative node localization: localized (target) nodes cooperate with localizing (base) 
nodes that are equipped with antenna arrays to allow single node localization via DOA 
and TOA estimation. Thus, essentially, each node is capable of independently localizing 
other cooperating nodes that are located in its coverage area. The proposed system does 
not depend on GPS: it works in the GPS-denied environments, and when the GPS is 
jittered.  
The proposed localization is periodic, i.e., DOA and TOA estimations are updated 
periodically. Therefore, multiple observations across each base node might be applied to 
a filter such as Kalman filter to improve the localization performance. In addition, when 
multiple localizing nodes are available, they can fuse TOA-DOA estimations to improve 
the localization accuracy. Moreover, NLOS identification, mitigation and localization 
techniques are implemented to improve the localization reliability. Techniques applicable 
to single node and techniques that need the availability of multiple nodes are developed. 
Accordingly, first, we propose a semi-distributed multi-node TOA-DOA fusion 
localization technique, which is applicable to MANETs, performs in LOS scenario, and 
achieves high localization accuracy and low computational complexity. Then, we 
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evaluate its performance in terms of localization CEP, and compare it with two 
localization techniques, GPS-aided TOA fusion and GPS-aided DOA fusion, which are 
applicable to MANETs, as well. Next, we integrate KF and multi-node TOA-DOA fusion 
to further improve its accuracy, and compare its accuracy and complexity with the EKF 
when it is applied to multiple TOA-DOA measurements.  
In wireless channels such as urban or indoor areas, LOS channel may not be available. 
NLOS channel leads to unreliable localization. Hence, we propose a method that allows a 
single node equipped with antenna arrays to independently identify the availability of 
LOS and accordingly the reliability of localization. The proposed method is based on the 
phase difference variance of the signals received by two antenna elements in an antenna 
array.  
To further improve NLOS identification performance, we propose a multi-node NLOS 
identification and localization scheme. In a multi-path wireless environment, the 
proposed technique allows shared reflectors determination and NLOS target localization 
as well.  
7.1 Conclusions 
Chapter 2 proposes a semi-distributed localization method based on multi-node TOA-
DOA fusion. The method can independently localize target nodes (TN) without known 
position of base nodes (BN) or without incorporating other localization systems. Thus, it 
is suitable for MANETs. In this technique, a node should be optimally selected as the 
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reference node. The selection procedure impacts the positioning accuracy. We proposed a 
sub-optimal reference node selection method to minimize the computational complexity 
and maintain reasonable localization accuracy. Simulations confirm that: (1) compared to 
optimal reference-node selection, using the sub-optimal reference-node selection method, 
less than 1.6% extra localization error is introduced; (2) the localization method leads to 
higher positioning accuracy with higher number of BNs; (3) the positioning error 
increases fast as the MANET radius increases; thus, it is suitable for moderate scale 
MANET; (4) the TOA-only method positioning error would not change considerably if 
the MANET radius is larger than some value (e.g.,      ), and it is suitable for large 
scale MANET; (5) the positioning error of the proposed method increases as the TOA 
estimation error increases.  
Chapter 3 evaluates the localization accuracy of the above semi-distributed multi-node 
TOA-DOA fusion localization method in terms of TN localization CEP, and compares it 
with that of GPS-aided TOA fusion and GPS-aided TOA fusion, which are applicable to 
MANETs when GPS service is available. It also evaluates the probability of TNs being 
localized in a MANET with different coverage radius. Simulation results confirm that the 
semi-distributed multi-node TOA-DOA fusion localization technique is not suitable for 
MANETs with radius larger than half of BN coverage radius in terms of the probability 
of TNs being localized compared with GPS-aided TOA fusion and GPS-aided DOA 
fusion. When MANET coverage radius is smaller than or equal to half of BN’s coverage 
radius, the semi-distributed multi-node TOA-DOA fusion localization technique leads to 
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a better performance; thus, it is suitable for moderate scale MANETs. GPS-aided TOA 
fusion localization technique leads to a better performance in large scale MANETs. In 
addition, GPS-aided DOA fusion performs poorer than semi-distributed multi-node TOA-
DOA fusion and GPS-aided TOA fusion.   
Chapter 4 integrates KF with multi-node TOA-DOA fusion to further improve the TN 
localization accuracy. In addition, the integration of KF and multi-node TOA-DOA 
fusion is compared to a traditional localization method, which applies EKF to multiple 
TOA-DOA measurements. Results confirm that the localization accuracy of the 
integration of KF and multi-node TOA-DOA fusion is slightly lower than that of EKF, 
but the KF is stable (no divergence takes place) compared to EKF (EKF may diverge in 
some scenarios). In addition, the chapter shows that the computational complexity of the 
integration of KF and multi-node TOA-DOA fusion is much lower than EKF. This makes 
the proposed KF-Fusion integration a good candidate for multiple nodes localization in 
ad-hoc networks.            
Chapter 5 proposes a LOS and NLOS separation technique based on the phase 
difference variance of the signals received by a co-installed synchronized bi-receiver 
system. The proposed system is simply implantable when an antenna array is available at 
the receiver. In this chapter, the PDF of the received signal’s phase difference generated 
by the NLOS component is derived and verified via simulation. The phase difference is 
mapped into wireless channel’s K-factor, and used to identify the availability of LOS or 
NLOS between the BN and the source TN. It is shown that the LOS and NLOS 
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separation method has small latency, because the method performs with small number of 
samples. In addition, because only phase information is used in the separation process, 
the method can be applied in narrowband or wideband systems. The proposed technique 
can identify the unavailability of LOS between the BN and the source TN with some 
probability that is called probability-of-detection, i.e.,             . This probability 
is a function of channel dispersion. As channel dispersion increases, the probability-of-
detecting NLOS increases. When there is no LOS between the BN and the source TN, but 
there is a strong reflected signal, the proposed LOS and NLOS separation method would 
mistakenly take the NLOS channel as LOS channel. Thus, while single node NLOS 
identification is required when only one BN localizes a TN, its performance is affected 
by wireless channel.     
Chapter 6 proposes a multi-node NLOS identification and NLOS Omni directional TN 
localization scheme. In addition, the proposed scheme allows shared reflectors 
determination and localization. In this scheme, multiple BNs cooperate to identify the 
NLOS between multiple BNs and a TN. In NLOS cases, if three or more reflectors are 
shared by the TN and a number of BNs, the shared reflectors are localized via DOA 
fuison, and then the TN is localized by TOA fusion based on the localization of shared 
reflectors’ localization. The equations for NLOS identification, shared reflectors 
determination and localization, and NLOS TN localization are derived. Simulations 
depict that the probability of LOS being taken as NLOS and shared reflector being taken 
as non-shared reflector is low, while the probability of NLOS being taken as LOS and 
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non-shared reflector being taken as shared reflector is slightly high. The NLOS TN 
localization accuracy increases as the DOA estimation error and/or the system coverage 
area decreases, and the number of shared reflectors increases. The TN localization error 
is acceptable if the system coverage area is not too large, the DOA estimation error is 
small and there are enough shared reflectors.  
7.2 Open Problems 
This dissertation proposes node localization techniques based on multi-node TOA-DOA 
fusion and addresses some challenging open problems. However, there are still many 
relevant open problems that need investigation. In the following subsections, we detail 
these open problems. 
7.2.1 Base Node Set Selection in the Fusion Process 
In a real MANET application, a BN may not directly be localized by a reference node: it 
might be in multi-hop of the reference node. Large localization errors would be involved 
in the estimation due to multi-hop localization. For example, in Fig. 7.1, the error of the 
target node position in the main coordinate estimated by BN 1 (one-hop) is smaller than 
the one achieved in the estimation via BN 3 (two-hop), and smaller than the one achieved 
in the estimation via BN 4 (three-hop). When one more set of TOA-DOA measurement is 
involved in a fusion, the fusion performance would be enhanced; but at the same time, 
the computational complexity increases.  
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Figure 7.1: Base node selection in the fusion process. 
If the newly involved TOA-DOA measurement set is coming from a multi-hop (three or 
more hops) BN (e.g., BN 4 in Figure 7.1) and other measurement sets are coming from 
one or two-hop BN’s, the localization performance might not be highly improved, but the 
computational complexity may unlimitedly increased.   
Hence, in the fusion process, to maintain a tradeoff between fusion complexity and 
localization accuracy, we should investigate which set of measurement should be used 
and which set of measurement should be discarded. In other words, a BN selection 
scheme is needed, especially when one BN is in charge of localizing a number of target 
nodes, computational complexity is critical.  
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7.2.2 Tradeoff between Multi-node TOA-DOA Fusion and TOA-only Fusion 
The simulation in Figure 2.5 (Chapter 2) depicts that the localization error of TOA 
method [43] does not highly change as the MANET coverage radius increases, but the 
localization error of the semi-distributed multi-node TOA-DOA fusion increases with the 
MANETs’ radius. In the proposed semi-distributed multi-node TOA-DOA fusion, each 
BN has the capability of TOA estimation; hence, TOA only method can be implemented 
in the proposed system and the tradeoff between the semi-distributed multi-node TOA-
DOA fusion and TOA only method should be studied. Here, a threshold for BN’s DOA 
estimation error and MANETs coverage radius can be found. When the DOA estimation 
error and/or the MANETs coverage radius are larger than the threshold, higher 
localization accuracy can be achieved using TOA only method; however, when both the 
DOA estimation error and MANETs coverage radius are smaller than the threshold, 
higher localization accuracy can be achieved using semi-distributed multi-node TOA-
DOA fusion. This study should take into account the complexity of the DOA estimation 
on one hand and the bandwidth required by TOA on the other hand.  
7.2.3 Localization via Intermediate Target Node 
In chapters 2 and 6, we assumed BN’s can localize each other or their position is given. 
In a MANET, BNs and TNs are both mobiles. Accordingly, the scenario that two BNs 
(e.g., BN’s i and l) cannot localize each other but they can communicate via other node 
(e.g., a TN) and localize the same TN (e.g., TN j) simultaneously may take place. An 
example is shown in Figure 7.2. In Figure 7.2, BNs i and l cannot localize each other, BN  
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Figure 7.2: Localization through an intermediate TN. 
i can localize TNs j and p, BN l can localize TNs j and h, and BNs i and l can 
communicate with each other via TN j. Thus, both BNs i and l localize TN j. In BN i’s 
local coordinate, TN j’s position is      
         
    
 . In BN l’s local coordinate, TN j’s 
position is      
          
    
 . Then considering the relative position of TN j, BNs i and l, in 
BN i’s local coordinate, BN l’s position is      
         
          
         
     
 ; and, in BN 
l’s local coordinate, BN i’s position is      
         
          
         
     
 . Thus, in the 
following case: (1) a TN (e.g., TN h in Figure 7.2) is directly localized by a BN (e.g., 
BNl) but not directly localized by another BN (e.g., BN i), (2) these two BNs localize 
a intermediate TN (e.g., TN j) simultaneously and the two BNs can communicate 
with each other,  the position of the TN (i.e., TN h) would be able to be transformed 
       h r  N’          N  ’   l   l    rd            h r w rd      N     l   l z     N 
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that is not in its coverage area with the help of a BN and an intermediate TN, if two 
BNs can communicate with each other and localize the intermediate TN 
simultaneously. Hence, an intermediate TN can increase the probability that a TN is 
localized by multiple BNs, and therefore the accuracy of TNs localization increases.  
7.2.4 Monitoring and Avoiding the Divergence of EKF  
The analysis and simulation in Figure 4.3 (Chapter 4) show that in some scenarios, the 
EKF would diverge and considerable localization error is generated. The simulation 
(Figure 4.4) also shows that the localization accuracy of EKF is better than the 
integration of KF and multi-node TOA-DOA fusion in the case that EKF converges and 
there are multiple BNs involved in the localization process. Hence, when localization 
accuracy is critical, if the divergence of EKF can be avoided, we can achieve better 
localization accuracy using EKF. Thus, Monitoring and avoiding the divergence of EKF 
should be studied.      
7.2.5 Finding LOS BN when Multiple NLOS BNs and One LOS BN Localize a TN 
Simultaneously 
The scenarios a TN is localized by multiple BN’s can be divided into three categories:  
(a) There are two or more LOS BN’s;  
(b) There is no LOS BN;  
(c) There is one LOS BN as shown in Figure 7.3. 
169 
 
 
Figure 7.3: Determine the LOS BN in multiple NLOS BN’s plus one LOS BN. 
In Chapter 5, we proposed a method to discriminate LOS and NLOS channel between a 
BN and a TN, and in Chapter 6, we proposed a method to discriminate category (a) and 
categories (b) and (c). But we do not have a method to separate categories (b) and (c), 
and we considered both of them as NLOS scenarios and use NLOS localization method 
to localize TN. Simulations conducted in Chapter 6 (Figures 6.6 and 6.7) show that 
localization performance with one LOS BN is better than the one with multiple NLOS 
BNs. Hence, in a group of BNs localizing a target node, if only LOS BN is available, 
better performance would be achievable. The methods proposed in chapters 5 and 6 can 
be merged to find the LOS BN when multiple NLOS BNs and one LOS BN localize a 
TN simultaneously.  
7.2.6 Discriminate Single Bounce and Multiple Bounces NLOS Channels 
In the NLOS localization technique proposed in Chapter 6, we assumed single bounce 
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NLOS channel between BN’s and TN’s is available. In fact here, we ignored the effect of 
multiple bounce reflections when compared to the single one. While in real application, 
multiple bounce NLOS channel may not be ignorable due to the size and material of 
reflectors. In the multiple bounces NLOS case, large localization error would be 
generated if the NLOS localization method proposed in Chapter 6 is applied. An example 
is shown in Fig. 7.4, the crossing points of the two circles determined by the position of 
reflectors k and m and the distances between the TN and the two reflectors are not close 
to the TN position. This is due to fact that the channel, through which the signal travels 
from TN to BN’s i and l, is not a single bounce NLOS channel, it is a two bounces NLOS 
channel (the signal travels from TN j through reflector 1 and then reflector k to BN’s i 
and l). Hence, single bounce NLOS channel and multiple bounces NLOS channel should 
be separated to mitigate the localization error generated by the multiple bounces NLOS 
channel.  
7.2.7 Extension of the Multi-node TOA-DOA Fusion from Two-Dimensional to 
Three-Dimensional 
For space-based applications such as satellite formation for solar power transfer via 
satellites [81-84], or multiple unmanned aerial vehicles (UAVs) conducting a 
collaborative task, it is important to precisely localize satellites or UAVs in the space. 
Assuming each satellite is equipped with both BN and TN devices, similar to WLPS [9], 
the proposed multi-node fusion scheme can be extended from 2D scenario to a 3D case. 
The relevant equations can be developed and its performance and complexity can be 
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investigated.     
 
Figure 7.4: The impact of multiple bounces NLOS on NLOS TN localization. 
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